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SYSTEMS AND METHODS FOR INITIAL SAMPLING IN MULTI-OBJECTIVE 

PORTFOLIO ANALYSIS 

BACKGROUND OF THE INVENTION 

[0001] The invention is directed to portfolio optimization and techniques associated 
with optimization processing of asset portfolios, such as portfolios of securities, for 
example. 

[0002] Markowitz's portfolio theory, a foundation of modem finance, is based on a 
trade-off between a single return and a single risk measure. Variance or standard 
deviation of retum is typically employed as a measure of risk. The goal of portfolio 
optimization is maximizing return and, at the same time, minimizing risk. This is 
typically treated as a two-objective optimization problem using the following problem 
formulation: 

Minimize Variance ; 

subject to Retum > target, and portfolio constraints. 
[0003] Alternatively, the portfolio optimization might be described with the 
following altemative portfolio optimization problem formulation: 

Maximize Retum; 

subject to Variance < target, and portfolio constraints. 
[0004] As is known in the art, the efficient frontier can be obtained by varying the 
retum target, or alternatively the risk target, and optimizing on the other measure, i.e., the 
measure that is not being varied. The resulting efficient frontier is a curve in a two- 
dimensional space as shown in Figure 1. Each of these approaches uses variance as a 
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sole risk measure. Each point on the efficient frontier is a portfolio consisting of a 
collection of assets. For example, these assets may be a collection of securities. 
[0005] However, there are major drawbacks to this approach. In modem portfolio 
management, portfolio managers not only care about the variation around mean, but also 
the risk of losing most of the portfolio's value due to rare events. In a normal situation, 
the portfolio value fluctuates around its mean due to market volatility and other risk 
drivers. However, a portfolio may lose a significant amount of value from a low- 
probability-high-impact event. This possibility calls for a need to use other risk 
measures, in addition to variance, for managing the portfolio risk. 
[0006] Figure 28 shows further aspects of the Pareto optimal front. Most real-world 
optimization problems have several, often conflicting, objectives. Therefore, the 
optimum for a multiobjective problem is typically not a single solution; rather, it is a set 
of solutions that trade off between objectives. This concept was first formulated by the 
Italian economist Vilfredo Pareto in 1896 (Tarascio, 1968), and it bears his name today. 
A solution is Pareto optimal if (for a maximization problem) no increase in any criterion 
can be made without a simultaneous decrease in any other criterion (Winston, 1994). The 
set of all Pareto optimal points is known as the Pareto optimal front. 
[0007] Figure 28 represents the objective space for two dimensions of an imaginary 
portfolio, where one wants to maximize both yield measure one and yield measure two, 
for example. The shaded area represents the feasible region (the region where solutions 
are possible). Solutions A and B are Pareto optimal: no increase in yield measure one can 
be made without a decrease in yield measure two, and vice versa. Solution C is 
dominated (not Pareto optimal): there are solutions with the same yield measure two with 
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a higher yield measure one (e.g., solution B), or with a higher yield measure two for the 
same yield measure one (e.g., solution A). The heavy line 2802 indicates the Pareto 
optimal front - each point on it is non-dominated. Given the Pareto optimal front, a 
portfolio manager can choose a solution based on other criteria (e.g., cost of 
implementing the portfolio, risk measures, and other return measures). 
[0008] In accordance with further known aspects of portfolio processing, Figure 33 is 
a diagram showing aspects of different spaces as is known in the art. Figure 33 shows an 
example of linear convex space, nonlinear convex space, as well as nonlinear nonconvex 
space. Further, Figure 33 provides a description of such defined spaces, as well as 
illustrative equations representing such defined spaces. Further, Figure 33 shows further 
aspects of each space, i.e., in terms of variables and approaches to solving problems in 
each particular space. 

[0009] In a similar manner, in accordance with further known aspects of portfolio 
processing. Figure 34 is a diagram showing aspects of different functions as is known in 
the art. Figure 34 shows an example of linear function, nonlinear convex function, as 
well as nonlinear nonconvex function. Further, Figure 34 provides a description of such 
functions, as well as illustrative equations representing such defined spaces. Further, 
Figure 34 shows further aspects of each space, i.e., in terms of variables and approaches 
to solving problems in each particular space. 

[0010] In prior art techniques, various risk measures were developed for capturing 
tail risk, i.e., the risk that constitutes the tail of the distribution. Value at risk (VaR) has 
been widely adopted by financial institutions as a measure of financial exposure, and by 
regulators and rating agencies for determining the capital adequacy. Expected shortfall, 
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another tail risk measure, is the average of losses exceeding some pre-described loss 
level, 

[0011] Portfolio managers may also deal with an optimization problem that involves 
multiple return measures. Some portfolio managers may be concemed with accounting 
incomes as well as economic returns. 

[0012] To incorporate multiple measures of risk and return, portfolio managers must 
consider a multi-objective optimization problem (rather than a two objective problem 
presented above). The general multi-objective optimization problem can be described by 
the following formulation: 

Maximize Return measure(s); and 
Minimize Risk measure(s); 
Subject to Portfolio constraints. 

[0013] Adding complexity to the problem, the risk measures are typically non-linear, 
and sometimes non-convex. In a problem with all linear objective functions, one can use 
a linear programming solver to efficiently obtain optimal solutions. If one or more of the 
objective functions is non-linear, a non-linear solver is required. For a problem with high 
dimensionality, but wherein the risk measure is non-linear but convex, a special 
technique may be utilized to reduce computational run time. In a prior application, U.S. 
Application Serial No. 10/390,689 filed March 19, 2003 (Attorney Docket number 
52493.330), which is incorporated herein by reference in its entirety, we described a 
method for solving such type of problem. The method describes providing a 
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mathematical model of a relaxation of a problem; generating a sequence of additional 
constraints; and sequentially applying respective nonlinear risk functions to generate 
respective adjusted maximum return solutions to obtain an efficient frontier. 
[0014] In modem-day portfolio management problems, measuring and incorporating 
tail risk introduces more complexity. Some of them are nonlinear and non-convex. 
Some measures are even not in analytical forms. The needs of present portfolio analysis 
calls for special techniques to solve this class of problems. 

[0015] In accordance with another aspect of the invention, evolutionary algorithms 
will now be described. In one approach. Evolutionary Algorithms (EAs) include 
techniques based on a general paradigm of simulated natural evolution (Back 1996, 
Goldberg 1989). EAs perform their search by maintaining at any time t a population P(t) 
= {P\(t), Piit), Pp(t)) of individuals. "Genetic'" operators that model simplified rules 
of biological evolution are applied to create the new and desirably more superior 
(optimal) population P(t+1)> This process continues until a sufficiently good population 
is achieved, or some other termination condition is satisfied. Each P\(t) € P(t), represents 
via an intemal data structure, a potential solution to the original problem. The choice of 
an appropriate data structure for representing solutions is very much an "art" than 
"science" due to the plurality of data structures suitable for a given problem. 
[0016] However, the choice of an appropriate representation is an important step in a 
successful application of EAs, and effort is required to select a data structure that is 
compact and can avoid creation of infeasible individuals. Closely linked to choice of 
representation of solutions, is choice of a fitness function ^ ; P(t)-^R. The fitness 
function assigns credit to candidate solutions. Individuals in a population are assigned 
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fitness values according to some evaluation criterion. Fitness values measure how well 
individuals represent solutions to the problem. Highly fit individuals are more likely to 
create offspring by "recombination" or "mutation" operations, described below. Weak 
individuals are less likely to be picked for reproduction, and so they eventually die out. 
A mutation operator introduces genetic variations in the population by randomly 
modifying some of the building blocks of individuals. 

[0017] Evolutionary algorithms are essentially parallel by design, and at each 
evolutionary step a breadth search of increasingly optimal sub-regions of the search space 
is performed. Evolutionary search is a powerful technique of solving problems, and is 
applicable to a wide variety of practical problems that are nearly intractable with other 
conventional optimization techniques. Practical evolutionary search schemes do not 
guarantee convergence to the global optimum in a predetermined finite time, but they are 
often capable of finding very good and consistent approximate solutions. However, they 
are shown to asymptotically converge under mild conditions (Subbu and Sanderson 
2000). 

[0018] Evolutionary algorithms have received a lot of attention for use in a single 
objective optimization and learning applications, and have been applied to various 
practical problems. In recent years, the relatively new area of evolutionary multi- 
objective optimization has grown considerably. Since evolutionary algorithms inherently 
work with a population of solutions, they are naturally suited for extension into the multi- 
objective optimization problem domain, which requires the search for and maintenance of 
multiple solutions during the search. This characteristic allows finding an entire set of 
Pareto optimal solutions in a single execution of the algorithm. Additionally, 
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evolutionary algorithms are less sensitive to the shape or continuity of the Pareto front 
than traditional mathematical progranmiing-based techniques. 

[0019] In the past decade, the field of evolutionary multi-objective decision-making 
has been significantly energized, due in part to the multitude of inunediate real-life 
applications in academia and industry. Several researchers have proposed several 
evolutionary multi-objective optimization techniques, as is reviewed and sunmiarized in 
Coello et al. 2002. 

[0020] However, the known techniques as discussed above fail to effectively and 
efficiently provide optimization processing to the extent possible. Further, techniques 
related to optimization processing fail to provide the tools needed to effectively work 
with the portfolios. The various systems and methods of the invention provide novel 
approaches to optimize portfolios. 
BRIEF DESCRIPTION OF THE INVENTION 

[0021] In one embodiment, the invention provides a method for multi-objective 
portfolio optimization for use in investment decisions based on competing objectives and 
a plurality of constraints constituting a portfolio problem, the method comprising: 
generating an initial population of solutions of portfolio allocations, the generating the 
initial population of solutions of portfolio allocations including systematically generating 
the initial population of solutions to substantially cover the space defined by the 
competing objectives and the plurality of constraints; and generating an efficient frontier 
in the space based on the initial population, the efficient frontier for use in investment 
decisioning. 
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[0022] In a further embodiment, the invention provides a system for multi-objective 
portfolio optimization for use in investment decisions based on competing objectives and 
a plurality of constraints constituting a portfolio problem, the system comprising: a 
population generation portion that generates an initial population of solutions of portfolio 
allocations, the population generation portion systematically generating the initial 
population of solutions to substantially cover the space defined by the competing 
objectives, the population generation portion including: a range value generation portion 
for varying values of the competing objectives over a range of each competing objective; 
a linear program portion, the linear program portion: solving a linear program, for each of 
the linear constraints, multiple times by setting a weight vector equal to one of the linear 
constraints; and solving the linear program multiple times by setting the weight vector 
equal to a randomly generated vector; and wherein the range value generation portion and 
the linear program portion iteratively perform their respective operations until the range 
of possible values for each competing objective is substantially covered so that an 
efficient frontier is generated, the efficient frontier being used in investment decisioning. 
[0023] In a further embodiment, the invention provides a computer readable medium 
for multi-objective portfolio optimization for use in investment decisions based on 
competing objectives and a plurality of constraints constituting a portfolio problem, the 
computer readable medium comprising: a first portion for varying values of the 
competing objectives over a range of each competing objective; a second portion, the 
second portion: (a) solving a linear program multiple times by setting a weight vector 
equal to one of the linear constraints; and (b) solving the linear program multiple times 
by setting the weight vector equal to a randomly generated vector; and wherein the first 
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portion and the second portion iteratively perform their respective operations until the 
range of possible values for each competing objective is substantially covered so that an 
efficient frontier is generated, the efficient frontier being used in investment decisioning. 
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[0024] The present invention can be more fully understood by reading the following 
detailed description together with the accompanying drawings, in which like reference 
indicators are used to designate like elements, and in which: 
[0025] Figure 1 is a diagram showing a two-dimensional efficient frontier as is 
known in the art; 

[0026] Figure 2 is an overview process flow chart, which is performed by a 
processing system, in accordance with one embodiment of the invention; 
[0027] Figure 3 is a flow chart showing an initial population generation process in 
accordance with one embodiment of the invention; 

[0028] Figure 4 is a diagram showing an initial points population of a portfolio in the 

risk/retum space in accordance with one embodiment of the invention; 

[0029] Figure 5 is a diagram showing an evolutionary multi-objective optimization 

process in accordance with one embodiment of the invention; 

[0030] Figure 6 is a flowchart showing a Pareto Sorting Evolutionary Algorithm 

(PSEA) operational process in accordance with one embodiment of the invention; 

[0031] Figure 7 is a further flowchart showing the Pareto Sorting Evolutionary 

Algorithm (PSEA) operational process of Figure 6 in accordance with one embodiment 

of the invention; 

[0032] Figure 8 is a flowchart showing Target Objectives Genetic Algorithm 
(TOGA) processing in accordance with one embodiment of the invention; 
[0033] Figure 9 is a flowchart showing a fusion process in accordance with one 
embodiment of the invention; 
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[0034] Figure 10 is a diagram showing aspects of a dominance filtering process in 
accordance with one embodiment of the invention; 

[0035] Figure 11 is a flowchart showing further aspects of the dominance fihering 
processing in accordance with one embodiment of the invention; 
[0036] Figure 12 is a flowchart showing a process to interactively fill gaps in an 
identified efficient frontier in accordance with one embodiment of the invention; 
[0037] Figure 13 is a diagram showing an efficient frontier in a 3D View in 
accordance with one embodiment of the invention; 

[0038] Figure 14 is a graph showing a parallel coordinate plot in accordance with one 
embodiment of the invention; 

[0039] Figure 15 is a diagram showing four projections illustrating aspects of a 
portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0040] Figure 16 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0041] Figure 17 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0042] Figure 18 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0043] Figure 19 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0044] Figure 20 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
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[0045] Figure 21 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0046] Figure 22 is a further diagram showing four projections illustrating aspects of 
a portfolio rebalancing problem in accordance with one embodiment of the invention; 
[0047] Figure 23 is a diagram showing aspects of individual portfolio tumover 
analysis in accordance with one embodiment of the invention; 

[0048] Figure 24 is a diagram showing aspects of manipulation and analysis of asset 
classes in accordance with one embodiment of the invention; 

[0049] Figure 25 is a further diagram showing aspects of manipulation and analysis 

of asset classes in accordance with one embodiment of the invention; 

[0050] Figure 26 is a further diagram showing aspects of manipulation and analysis 

of asset classes in accordance with one embodiment of the invention; 

[0051] Figure 27 is a flowchart showing a process using tradeoffs in accordance with 

one embodiment of the invention; 

[0052] Figure 28 is a graph showing a Pareto optimal front as is known in the art; 
[0053] Figure 29 is a graph showing aspects of a deterministic evaluation in 
accordance with one embodiment of the invention; 

[0054] Figure 30 is a graph showing aspects of a stochastic evaluation in accordance 
with one embodiment of the invention; 

[0055] Figure 31 is a graph showing aspects of a discrete probabilistic evaluation in 
accordance with one embodiment of the invention; 

[0056] Figure 32 is a graph showing aspects of probabilistic fusion in accordance 
with one embodiment of the invention; 
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[0057] Figure 33 is a diagram showing aspects of different spaces as is known; 
[0058] Figure 34 is a diagram showing aspects of different functions as is known; 
[0059] Figure 35 is a figure showing a basic operation of a genetic algorithm as is 
known; 

[0060] Figure 36 is a figure showing high level aspects of an evolutionary search 
process augmented with domain knowledge in accordance with one embodiment of the 
invention; 

[0061] Figure 37 is a table showing aspects of an outer product in accordance with 
one aspect of the invention; and 

[0062] Figure 38 is a table showing aspects of an outer product in accordance with 
one aspect of the invention. 

DETAILED DESCRIPTION OF THE INVENTION 

[0063] The various embodiments of the invention are directed to systems and 
methods relating to multi-objective portfolio optimization and/or analysis for use in 
investment decisions, i.e., for use in investment decisioning, based on competing 
objectives and a plurality of constraints constituting a portfolio problem. For example, 
the invention relates to a situation wherein one or more decision makers, e.g. portfolio 
managers and investors, determine an optimal investment strategy that achieves a set of 
competing investment objectives characterized by more than two objectives without 
violating a plurality of investment constraints. For example, the more than two 
objectives might be more than two risk/retum measures. 

[0064] The various inventions and embodiments as described herein provide the 
technical effect of offering various tools for use in investment decisioning, including 

-13- 



ATTORNEY DOCKET NO. 52493.000362 PATENT APPLICATION 

manipulation and generation of efficient frontiers representing asset portfolios, for 
example. 

[0065] In the disclosure as set forth herein, various references are disclosed to 
provide background information and to show the state of the art, as described herein. The 
particulars of these references are set forth in a list thereafter, i.e., at the end of this 
disclosure. 

[0066] For example, in an invention described herein, we propose an approach for 
solving multiple-objective portfolio risk optimization problems with complex risk/return 
measures using evolutionary algorithms in conjunction with domain knowledge, as well 
as related techniques. 

[0067] The systems and methods described herein, in accordance with some 
embodiments, propose a method for solving portfolio risk optimization problems with 
complex multiple objectives. A complex objective may be defined as a function that is 
nonlinear and non-convex or not in an analytical form. The approach, as described 
below, is based on a powerful combination of evolutionary algorithms and heuristics that 
exploit problem domain knowledge. The invention is used for modem portfolio 
management, which involves trade-offs between multiple complex retum and risk 
measures. Given a set of measures to be managed, the portfolio managers face a 
challenge of solving multi-objective optimization problems, which are not handled by 
conventional approaches. The invention and the systems and methods described herein 
can handle problems with more than two objectives and complex functions. 
[0068] Various systems and methods are described herein, in accordance with various 
inventions and embodiments. The inventions described herein and claimed may be used 
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in conjunction with the inventions of the following eight (8) patent applications, each of 
which is incorporated herein by reference in its entirety: 

U.S. Patent Application Serial No. 10/ , Attorney Docket Number 

52493.000352 entitled "Systems And Methods For Multi-Objective Portfolio 
Optimization" filed February 20, 2004; 

U.S. Patent Application Serial No. 10/ , Attomey Docket Number 

52493.000361 entitled "Systems And Methods For Multi-Objective Portfolio Analysis 
Using Pareto Sorting Evolutionary Algorithms, filed February 20, 2004; 

U.S. Patent Application Serial No. 10/ , Attomey Docket Number 

52493.000363 entitled "Systems And Methods For Multi-Objective Portfolio Analysis 
Using Dominance Filtering, filed February 20, 2004; 

U.S. Patent Application Serial No. 10/ , Attomey Docket Number 

52493.000364 entitled "Systems And Methods For Efficient Frontier Supplementation In 
Multi-Objective Portfolio Analysis, filed February 20, 2004; 

U.S. Patent Application Serial No. 10/ , Attomey Docket Number 

52493.000365 entitled "Systems And Methods For Multi-Objective Portfolio Analysis 
And Decision-Making Using Visualization Techniques, filed Febmary 20, 2004; 

U.S. Patent Application Serial No. 10/390,689, Attomey Docket Number 

52493.000330 entitled "Methods And Systems For Analytical-Based Multifactor Multi- 
Objective Portfolio Risk Optimization" filed March 19, 2003; 

U.S. Patent Application Serial No. 10/390,710, Attomey Docket Number 

52493.000331 entitied "Methods And Systems For Analytical-Based Multifactor Multi- 
Objective Portfolio Risk Optimization" filed March 19, 2003; and 
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U.S. Patent Application Serial No. 10/390,709, Attorney Docket Number 
52493.000332 entitled "Methods And Systems For Analytical-Based Multifactor Multi- 
Objective Portfolio Risk Optimization" filed March 19, 2003. 

[0069] The inventions as described herein may be used with the methods and systems 
described in the above applications, as well as other techniques that are known in the art. 
In U.S. Application Serial No. 10/390,689, we described a method for determining an 
efficient frontier, which comprises a collection of security allocations in a portfolio, with 
multiple, conflicting objectives in a multi-factor portfolio problem. The described 
method comprises providing a mathematical model of a relaxation of a problem; 
generating a sequence of additional constraints; and sequentially applying respective 
nonlinear risk functions to generate respective adjusted maximum return solutions to 
obtain an efficient frontier. 

[0070] In a portfolio optimization problem, there are typically several non-linear 
functions/. These non-linear functions are typically related to risk, but could also arise 
from other sources. The technique in U.S. Application Serial No. 10/390,689 involved 
the transformation of a convex nonlinear function/into an iterative sequence of linear 
constraints. As a result, a sequence of proxy linear constraints is used to obtain the 
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efficient frontier between the multiple objectives of the problem. This approach is also 
called Sequential Linear Programming (SLP). 

[0071] The SLP approach as described in U.S. Application Serial No. 10/390,689 is 
used for problems with nonlinear, but convex constraints, by first relaxing the problem 
and eliminating the nonlinear constraints, and then successively building a set of linear 
constraints that approximate each nonlinear constraint in the region of the optimal 
solutions along the efficient frontier. A fundamental problem arises however when one 
or more of the nonlinear functions/is also nonconvex. In this event, the SLP approach 
will not guarantee convergence. 

[0072] In some portfolio optimization problems, the objective function may not have 
an analytical form. As a result, the SLP approach is not applicable. Conventional 
analytical optimization approaches are also not suitable for this type of problem. 
[0073] Evolutionarv Algorithms 

[0074] As described herein, evolutionary or genetic algorithms are utilized in the 
various inventions and embodiments described herein. Genetic algorithms might be 
characterized as a subpart of evolutionary algorithms. Genetic algorithms (GAs) are a 
general-purpose optimization method based on the theory of natural selection. GAs make 
no assumptions about the search space, so they can be applied to a variety of optimization 
problems (Goldberg, 2002). However, GAs exchange applicability for speed - although 
they can be used on a wide variety of problems, they are typically slower to converge to a 
solution than algorithms designed for a specific problem. 
[0075] Genetic algorithms employ a vocabulary borrowed from genetics 
(Michalewicz, 1996). A "chromosome" is an encoding of an individual solution to an 
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optimization problem. A chromosome is composed of an ordered series of "genes" (i.e., a 
specific gene always occupies the same position in a chromosome), with each gene 
corresponding to a specific characteristic of the problem. Typically, this ordered series of 
genes is a vector, but sometimes arrays are used. Further, it is noted that although there 
are some applications of diploid chromosomes (e.g.. Green, 1994) the overwhelming 
majority of GA implementations employ haploid chromosomes (i.e., only one set of 
chromosomes per solution). Further, it is noted that a chromosome in its raw form (i.e., 
the encoded form that the GA manipulates) is known as the "genotype''; and the solution 
that the chromosome represents (i.e., the solution decoded from the chromosome) is 
known as the phenotype. Each gene has a set of "alleles", which are valid values for that 
gene. A "population" is composed of a collection (typically of fixed size) of 
chromosomes. An iteration of the algorithm during which a new population is produced 
is known as a "generation". 

[0076] The basic operation of a genetic algorithm is outlined in Figure 35. First, an 
initial population is generated (typically randomly). Then, the fitness of each 
chromosome is evaluated using a predefined fitness function. Fitness functions are used 
to evaluate the "goodness" of a chromosome, and can be either minimized or maximized, 
depending on the goal of the optimization. For example, consider a minimization problem 
represented by a chromosome with three genes, [ g, , » ^3 ^he simple fitness 
function: 

fitness = gf+2gl-4g^ 
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The fitness of the chromosome with allele values of [9, 3, 5] is 79 and the fitness of 
chromosome [2, -5, 2] is 46; therefore, [2, -5, 2] is a fitter ("more near optimal") solution 
for this minimization problem (although clearly not the optimal solution). 
[0077] As shown in Figure 35, in the GA optimization process in summary, a 
population is initialized and the fitness of each chromosome is evaluated. If the stopping 
criterion is not met, selection, crossover, and mutation take place generating a new, 
presumably fitter, population, which is then returned to the fitness evaluation step. When 
the stopping criterion is met, the algorithm is terminated. 

[0078] There are many possibilities for the stopping criterion, including stopping 
after a fixed number of generations, stopping after a predefined fitness has been achieved, 
stopping when the rate of fitness improvement slows to a predefined level, and/or 
stopping when the population has converged to a single solution (e.g., when the 
maximum and mean population fitness is nearly the same). A fixed number of 
generations and convergence are the most popular stopping criteria. 

[0079] Selection chooses (frequently with replacement) chromosomes in the current 

population to be members of the following generation, either passed directly, or modified 

by crossover or mutation. The goal of selection is to favor relatively more fit 

chromosomes. Those not selected (presumably, the least fit) die out. The three most 

commonly used selection schemes (Goldberg and Deb, 1991) are proportionate selection, 

rank selection, and tournament selection. In proportionate selection ("roulette wheel" 

selection), the likelihood of selecting a chromosome is equal to the ratio of the fitness of 

the chromosome to the sum of the fitness of all chromosomes. One limitation of this 

method is that one comparatively very fit chromosome can very quickly overcome a 
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population; rank and tournament selection are designed to overcome this problem. In 
rank selection, the population is sorted from best to worst fitness, and the probability of 
selection is some (linear or nonlinear) function of rank. In tournament selection, some 
small number of chromosomes (frequently two) are chosen at random, compared, and the 
fittest chromosome is selected. This process is repeated until sufficient chromosomes 
have been selected. 

[0080] Crossover is the exchange of portions of genetic material from a pair of 
'parent* chromosomes to produce a pair of 'children*. A pair is typically used, although 
crossover schemes with greater than two parents do exist. There are many ways to 
perform crossover (Michalewicz, 1996). The simplest method is single point crossover, 
where the chromosomes are split at a randomly selected point, and genes to the left of the 
split from one chromosome are exchanged with genes to the right of the split from the 
other chromosome, and vice versa. For example, consider these two parent 
chromosomes, where the non-underlined chromosomes are from a first parent and the 
underlined chromosomes are from a second parent: 

[3, 4, 9,1,7, 6, 4, 8,1] 
[6,3,8,1,4,3,4,6,0] 

If the crossover point were between the third and fourth gene, these children would 
result: 

[6,3,8,1,7, 6,4, 8,1] 
[3,4, 9,1,4,3,4,6,0] 

Mutation (as it is typically implemented) is the assignment (with low probability of 

occurrence) of a random change to the allele value of one gene in a chromosome. 

However, as with everything in GAs, there are no fixed rules: sometimes it is not a 

random change, and sometimes more than one gene is modified. Mutation introduces 
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new genetic material into the population and ensures that it is possible (over the course of 
the entire evolution) to search the entire solution space (Coello and Christiansen, 1999). 
[0081] Accordingly, a newly generated population will be provided. The newly 
generated population is passed to the fitness evaluation stage, and the cycle continues 
until the stopping criterion is met. 

[0082] With further reference to the present novel concepts, Figure 36 is a figure 
showing high level aspects of an evolutionary search process augmented with domain 
knowledge in accordance with one embodiment of the invention. In accordance with one 
embodiment of the invention, a multi-objective portfolio optimization problem is 
formulated as a problem with multiple linear, nonlinear and nonlinear nonconvex 
objectives. The invention may employ domain knowledge, in accordance with one 
embodiment. The domain knowledge allows the use of strictly linear and convex 
constraints. Further, knowledge about the geometry of the feasible space (i.e. convexity), 
allows, in practice of the invention, to develop a feasible space boundary sampling 
algorithm, i.e., solutions archive generation. By knowing the boundary of the search 
space, we can exploit that knowledge to design efficient interior sampling methods. 
Further details are described below. 

[0083] The systems and methods of the invention may use convex crossover. 
Convex crossover is a powerful interior sampling method, which is guaranteed to 
produce feasible offspring solutions. Given parents Pi, P2, it creates offspring Oi = X-Pl 
+ (1- A,)P2, 02 = (1- ^)Pl + A.P2. An offspring Ok and Pk can be crossed over to produce 
more diverse offspring. 
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[0085] Overview 

[0086] Hereinafter, various embodiments of the systems and methods of the 
invention will be described in further detail. Portfolio optimization conventionally 
involves trade-off between one return and one risk measure, for example. In a quest for 
better risk management and investment decisions, modem portfolio managers have to 
simultaneously take multiple measures of often competing interests into account. These 
competing measures may typically be risk and return measures. From a portfolio 
optimization perspective in particular, one needs to solve a multi-objective optimization 
problem to obtain the efficient frontier of a particular investment problem. The objective 
functions, in particular risk measures, are far more complicated than those in a 
conventional approach, e.g., variance. Conventional analytical optimization approaches 
are not suitable for solving modem portfolio optimization problems, which involve trade- 
offs of complex objectives. A complex objective is defined as a function that is nonlinear 
and non-convex, or not in an analytical form. 

[0087] In this invention in some embodiments, we propose a method for solving 
modem portfolio optimization problems with multiple objectives, some of which are 
complex functions. In accordance with one embodiment of the invention, the method 
uses evolutionary algorithms in conjunction with domain knowledge to determine the 
efficient frontier. The approach exploits domain knowledge via (1) the geometrical 
nature of the problem to explore and partially memorize the bounds of the feasible space 
and (2) the geometrical nature of the problem to design search operators that can 
efficiently explore the interiors of the feasible space, and (3) employs evolutionary 
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algorithms for identifying the efficient frontier over multiple return and risk objectives, 
some of them being complex objectives. 

[0088] In accordance with one embodiment of the invention. Figure 2 provides a 
process chart of the invention, which may be performed by a suitable processing system 
1000. Figure 2 is described in summary hereinafter, and then further below, aspects of 
Figure 2 are discussed in further detail. 

[0089] As shown in Figure 2, the process starts in step 100 with an initialization of a 
population of solutions. This might be performed by a population generation portion 
102, for example. The initial population is then output to an initial population database 
20. After the initial population has been generated, the process of Figure 2 passes to what 
might be characterized as an efficient frontier generation portion 30, as shown in Figure 
2. 

[0090] The efficient frontier generation portion 30 generates multiple interim 
efficient frontiers. Specifically, the efficient frontier generation portion 30 includes a 
number of processing portions (202, 302, 312), as desired, that perform efficient frontier 
generation processes. The processing portions (202, 302, 312) may perform the efficient 
frontier generation processes using the same process or different processes. Further 
details of this processing are described below. As shown, the processing portions (202, 
302, 312), as well as the other portions of Figure 2, may be disposed in the processing 
system 1000. 

[0091] As a result of the processing of portions (202, 302, 312) multiple interim 
efficient frontiers (32, 34, 36) are generated. Figure 2 characterizes this processing as 
performing multiple runs 24. That is, each of the processing of portions (202, 302, 312) 
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perform their own respective run so as to generate the respective efficient frontiers (32, 
34, 36). As shown in Figure 2, these interim efficient frontiers are then output to a fusion 
portion 562. The fusion portion 562 performs a fusion process 560 on the multiple 
efficient frontiers (32, 34, 36), as described below, so as to generate a fused efficient 
frontier 560', i.e., an efficient frontier resulting from the fusing operation of step 560. 
[0092] After step 560 of Figure 2, the process passes to step 400'. As shown in step 
400', an additional dominance filtering process may be utilized to further refine the 
efficient frontier generated by the fusion portion 562. Further aspects of such dominance 
filtering in accordance with one embodiment of the invention are discussed below. 
[0093] As a result of the processing of step 400', Figure 2 shows the generation of an 
efficient frontier 36. It is appreciated that further processing may then be effected on the 
efficient frontier 36, in accordance with one embodiment of the invention. Specifically, a 
gap filling process may be performed in step 600 of Figure 2. Further details of the gap 
filling process are described below. As a result of the gap filling process, a further 
refined efficient frontier 38 is generated. 

[0094] Thereafter, the process of Figure 2 passes to step 700, in accordance with one 
embodiment of the invention. In step 700, further processing may be performed on the 
efficient frontier 38. This further processing might be characterized as a visual technique 
by which a particular user might manipulate the solutions in the efficient frontier 38 so as 
to arrive on a desired solution. As discussed below with reference to Figure 27, the 
portfolio selection process of step 700 might be used differently by different users, i.e., 
persons with different responsibilities and different interests. 
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[0095] As shown in Figure 2, multiple runs 22 may be utilized to generate the 
efficient frontier 36. To explain further, it may be determined through examination of the 
efficient frontier 36, e.g., as a result of a first run, that the efficient frontier 36 is not 
sufficient. For example, it might be, that the user senses that the generated efficient 
frontier 36 is not representative of the global situation. As a result, the process of Figure 
2 might be run additional times, i.e., including generation of an initial population 20, 
generation of the interim efficient frontiers (32, 34, 36), fusing the interim efficient 
frontiers (32, 34, 36) and further dominance filtering 400' so as to generate a further 
efficient frontier 36\ Efficient frontiers (36, 36') from multiple runs may then be 
combined in some suitable manner, i.e., such as by simply adding the results together, if 
the user so desires. 

[0096] It should be appreciated that the particular processing as shown in Figure 2 
may be varied. For example, the gap filling process may not be utilized, such that the 
efficient frontier 36 is used in the portfolio selection process. Further, the respective 
processes as described above may be used on their own, and not in conjunction with the 
other processes, for example, i.e., certain processes and steps of Figure 2, and as 
described below, may be omitted, as should be apparent to one of ordinary skill. 
[0097] As shown Figure 2, the overall process involves a variety of sub-processes. 
The following sub-sections set forth below describe the detail of the sub-processes. 
[0098] Initialization of Population 

[0099] As described above, evolutionary algorithms, also known as genetic 
algorithms, are used to obtain solutions that are close to optimal by intelligently searching 
the feasible region. Evolutionary algorithms do this by implementing simplified models 
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of natural evolution in a computer. In this approach populations of trial solutions 
compete for survival and succeed in proportion to their fitness, further participating in the 
production of offspring. The offspring with better genetic content (representation of a 
trial solution to the problem) survive and reproduce. After many generations of 
evolution, the best solutions are near optimal. 

[00100] The success of an evolutionary algorithm for an application depends in part on 
the computational efficiency of generating new solutions from parent solutions. The 
algorithm should be able to generate a new population of solutions from the previous 
generation in a reasonable amount of time. In the portfolio optimization problem 
generating a valid portfolio is not trivial. This is because a typical portfolio has to satisfy 
a few thousand linear constraints. Ensuring that all the portfolios in a generation satisfy 
all these constraints requires computational run time. With known techniques, this makes 
using an evolutionary algorithm for solving the problem impractical. We therefore 
developed a novel method to circumvent this problem. 

[00101] In our evolutionary algorithm, we start with a large set of valid portfolios. 
This initial points population is generated using a novel technique, as described below in 
accordance with one embodiment of the invention, and is large enough to sufficiently 
sample the feasible region of portfolios. We generate each offspring, i.e., a valid 
portfolio in the next generation by using a convex combination of two or more parent 
portfolios (linear combination with non-negative weights that sum to unity). This is a 
convex crossover operation and allows quick generation of new populations from prior 
generations. To be able to search the entire feasible region using this convex crossover 
operation the initial points population should include all the vertices or comer points of 
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the polytope defined by the linear portfolio constraints. However, generating the comer 
vertices of a polytope is an NP-complete problem. That is, NP means "nondeterministic 
polynomial time", and the term "nondeterministic" means that we need to guess what the 
solution might be. The solution can be tested in polynomial time, but the difficult aspect 
of such analysis is to guess right. NP-complete means "Nondeterministic Polynomial 
time-complete" and is a subset of NP, with the additional property that it is also NP-hard. 
Thus a solution for one NP-complete problem would solve all problems in NP. Such a 
problem cannot be solved to completion in a reasonable time for any typical real- world 
portfolio. We have therefore developed a new algorithm to generate initial points that 
will sufficiently cover the search space for our needs. We describe this algorithm in 
detail below. 

[00102] In accordance with one embodiment of the invention, the multi-objective 
portfolio optimization problem may be posed as: 

[max fi, max f2, ... max fn, min gi, min g2, min gm] 
subject to: Linear portfolio investment constraints, 

where a function fj is a return measure, and a function gi is a risk measure. The goal is 
the joint maximization of return measures, and the minimization of risk measures. Each 
of these measures may be arbitrarily nonlinear and non-convex. However, the search 
space for this problem defined by the set of linear constraints is a bounded convex 
polytope. This polytope P is also the feasible search space. Any interior or extreme point 
of P is therefore a feasible portfolio investment strategy. 
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[00103] Since a typical portfolio optimization problem can have thousands of 
constraints defined over a very high dimensional decision space, the feasible space P 
corresponding to valid portfolio investment strategies, though very large, will only have a 
small fraction of the volume of the smallest hypercube that encloses the feasible 
polytope, P. In this situation, starting out with a good idea of the extents of the feasible 
space P is a powerful feature. Such a feature also serves as a domain-specific guide to 
any evolutionary search over this space. In the absence of this information, an 
evolutionary search may consume significant time in either finding a feasible point, or in 
repairing an infeasible point to make it feasible. 

[00104] Any portfolio that satisfies the linear constraints above is a valid portfolio. 
The simplex or the interior point algorithm for solving linear programs (LP) can be used 
to solve the set of linear constraints. Both of these algorithms are commercially 
available. An LP solver is used to find the optimal decision vector x that solves the 
problem: 

Maximize v/^x : Ax < b, 

where w is a pre-specified coefficient or weight vector, 
A is a matrix of linear constraints, and 

b is a vector of constants corresponding to the linear constraints. 

[00105] The space Ax < b is a convex polytope P. Due to the geometrical nature of 

the problem and the linear programming algorithm, given a weight vector w, an extreme 

comer vertex of the feasible space defined by Ax < b is always identified as the optimal 
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decision vector. If a different weight vector w is used, the optimal decision vector will be 
some other extreme comer vertex x. We use this property to our advantage in generating 
the initial points population of solutions. 

[00106] By solving multiple linear programs, each with a different weight vector w, 
one could obtain different comer vertices of the feasible polytope, P. These vectors w, 
could be randomly generated. By repeating this process of random weight vector 
specification followed by the solution of the ensuing linear program a few thousand times 
one can generate many valid portfolios that are vertices of the feasible polytope. 
However this process does not ensure that the feasible region is sufficiently sampled for 
our needs. To ensure adequate sampling of the feasible region we reformulate the linear 
program as follows by adding new constraints. 

Maximize v/\ 
subject to: 

Linear portfolio return constraints: 



F-x > p, 



n 



Linear portfolio risk constraints: 



G,x < q, 



I = l,2,...,w 



Linear portfolio investment constraints: 



i = l,2,...,ik 
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where = when is a linear return objective and = gradient of if f. is a 
non-linear return objective. Similarly G, = when g-^ is a linear risk objective and 

G. = gradient of g, if is a non-linear risk objective. The additional constraints 

ensure that the returns are greater than certain values, p. while the risks are lower than 

certain values . Illustratively, p. and q- might be characterized as range values. H- 

represents the coefficient of all investment constraints. By varying the values of and 

q. to span the entire range of values that the risks and returns can take, we can generate 

portfolios that fully sample the objectives space. We generate the initial points 
population of solutions by solving the linear program described above several thousand 
times as described in Figure 3. 

[00107] As shown in Figure 3, the processing, that is used in the initialization of the 
population 100, starts in step 1 10, in accordance with one embodiment of the invention. 
In step 110, the initial values of pi and gj are set such that the constraints involving them 
are always satisfied. For example, this can be done by setting all piS to zero and giS to 
large positive values. 

[00108] Then, the process passes to step 120. In step 120, the linear program is solved 
multiple times by setting w equal to one of the linear constraints each time. Since in the 
resulting portfolio the linear constraint chosen for the objective function is activated, this 
process ensures that there is at least one portfolio where any specific constraint is 
activated. After step 120, the process passes to step 130. In step 130, the linear program 
is solved multiple times by setting w equal to a randomly generated vector. 
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[00109] Then, the process proceeds to step 140, in accordance with this 
embodiment of the invention. In step 140, the value of one of the piS or qiS is changed. 
Then, in step 150, a determination is made whether the entire range of piS and qiS is fully 
covered, i.e., to the extent desired by the particular user. If no, then the process returns to 
step 120, and the processing is again performed as described above. Alternatively, if the 
entire range of piS and qis is fully covered, i.e., to the extent desired by the particular user, 
the process then passes to step 160. In step 160, the initialization processing is completed 
and the initial points population is output to the database 20, as shown in Figure 2. 
[00110] In accordance with one embodiment of the invention, the Sequential Linear 
Programming (SLP) algorithm that was described in U.S. Application Serial No. 
10/390,689 may be used in defining the range of piS and qjS for linear and convex 
objectives. Figure 4 shows the initial points population of portfolios generated by this 
algorithm in a two dimensional objective space. The return measure here is linear and the 
sigma is a convex risk measure. 

[00111] As illustrated in Figure 3, the initialization of the population may be 
performed by a suitable processing system, i.e., by a population generation portion 102. 
The population generation portion 102 may include a linear program portion 104 and a 
range value generation portion 106, in accordance with one embodiment of the invention. 
[00112] The linear program portion 104 performs the linear program processing as 
shown in steps 120 and 130 of Figure 3. Further, the range value generation portion 106 
may change the values of the thresholds, as shown in step 140, as well as set the initial 
values for the competing objectives in step 1 10. 
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[00113] As illustrated in Figure 3, the processing may be repeated several thousand 
times, for example, until a determination is made, by the population generation portion 
102, that the entire range of competing objectives is covered. The particular threshold or 
criteria by which this determination is made may vary depending on the particular 
situation. The end result of the population generation portion 102 is the generation of an 
initial population of solutions for further processing, as described in detail below. 
[00114] Pareto Sorting Evolutionarv Algorithm (PSEA) 
[00115] The Pareto Sorting Evolutionary Algorithm (PSEA) is an approach to 
nonlinear non-convex multi-objective optimization, and provides an efficient method for 
portfolio risk optimization and planning, in accordance with one embodiment of the 
invention. Though the PSEA is in the family of Pareto-based multi-objective 
evolutionary algorithms reviewed in Coello et al. 2002, the process of the invention is a 
unique combination of heuristic techniques that is novel and unlike those in the prior art. 
The algorithm incorporates the basic evolutionary heuristics of selection, crossover (X- 
over), and diversity maintenance for identifying Pareto (efficient) frontiers in multi- 
objective optimization problems. 

[00116] The PSEA process of the invention works by systematically searching, 
memorizing, and improving populations of vectors (solutions), and performs multi- 
objective search via the evolution of populations of test solutions in an effort to attain the 
true Pareto frontier. A high-level view of the operation of the PSEA, a multi-objective 
optimization algorithm is shown in Fig 5. In this figure solutions are systematically 
evolved over multiple generations via structured operations in order to attain near-Pareto- 
optimal solutions. In this pictorial example, the goal is the identification of process plans 
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that are Pareto optimal with respect to two objectives: quality and throughput. Starting 
from a population of random solutions, the PSEA is shown systematically closing in on 
those process plans that correspond to the true Pareto frontier as generations advance, i.e., 
effecting evolutionary progress. 

[00117] Given an n-dimensional measurable space whose elements can be partially 
ordered, a vector in this space x = (xi, X2, Xn) is considered non-dominated if there 
exists no other vector z such that Xi < z\ for all i, and Xk < Zk for at least one 1 < k <n. As 
used in this relationship, the symbol < may be interpreted as "the right-hand-side of the 
relationship "is better than" its left-hand-side" (or "better-than" relation) without loss of 
generality. 

[00118] A useful component of the PSEA is a dominance filter that is able to identify 

the subset of non-dominated vectors given a set of vectors, each of which corresponds to 

a feasible alternative, and given a set of ordering preferences corresponding to each 

objective (either "lower is better" or "higher is better"). In the context of portfolio 

optimization, each vector is a point in the multi-objective return-risk space, and is a 

unique image of a complete portfolio investment plan. A dominance filter partitions a set 

of vectors into two subsets, i.e., the non-dominated subset and the dominated subset. 

[00119] A selection operation for an evolutionary algorithm is one that is able to 

differentiate between the good solutions and weaker solutions, and employs a consistent 

means to retain the better solutions while discarding the weaker solutions. From the 

perspective of multi-objective search, a non-dominated solution is considered stronger 

than a dominated solution. The dominance filter is used to differentiate the stronger 

solutions from the weaker ones as the first step in a selection operation. The second step 
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in a selection operation, the retention heuristic, may be implemented in a variety of ways. 
The most simple and intuitive selection operation is retention of only the non-dominated 
solutions. 

[00120] Given two objectives, the Pareto frontier is a curve in the space defined by the 
two objectives. When there are three objectives, the Pareto frontier is a surface in this 
space, and when there are more than three objectives, the Pareto frontier is volumetric. 
Since the PSEA works by systematic sampling of the Pareto frontier, one approach to 
identifying the entire Pareto frontier with reasonable fidelity is to enable the algorithm to 
maintain the entire Pareto frontier found up to a given generation of the search. 
However, this may require a very large population size, whose maintenance is 
computationally unattractive and inefficient as well. One novel way to alleviate this 
problem is to work with small and tractable population sizes while incorporating an 
"archive" that saves good non-dominated solutions found at any generation for future 
reference and use. In this latter method, the search algorithm navigates the search space 
using only a small population size, but commits any good solutions found to memory. 
However, there is no guarantee that a non-dominated solution found at a certain 
generation would also be globally non-dominated with respect to the existing solutions in 
the archive. Therefore, the final step of the PSEA is dominance filtering of the solutions 
in the archive to generate the set of globally non-dominated solutions across all the 
generations. 

[00121] Though the "archive" method is an efficient diversity preservation technique 
and is helpful for preservation of diversity across the entire Pareto frontier, it is not 
sufficient to ensure diversity in the populations during search. Diversity preservation in 
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the populations themselves is an important aspect of an efficient search. In addition, 
diversity preservation in the populations has a significant impact on the diversity of the 
solutions in the archive. Diversity in populations may be enabled via three methods: (i) 
incorporation of the ''crossover" operator, where two solutions (parent solutions) are 
mathematically combined to yield two new solutions (offspring solutions), (ii) 
incorporation of "new random solutions" in each generation of the search, and (iii) 
incorporation of a "non-crowding filter", that is able to filter out solutions in a population 
that are heavily clustered and is able to reduce the propensity for clustering that causes 
reduced diversity. 

[00122] The operational details of the "Run PSEA" step 200 of Figure 2 are 
hereinafter described through reference to the PSEA operational block diagram of Figure 
6. That is. Figure 6 shows various populations and solutions utilized in the PSEA 
processing in accordance with one embodiment of the invention. Further, Figure 7 shows 
the process steps that are performed in conjunction with the processing of the populations 
and solutions of Figure 6. 

[00123] The processing of Figure 7 might be performed by an efficient frontier 
processing portion 202, in accordance with one embodiment of the invention. As shown 
in Figure 7, the process starts in step 200 and passes to step 1. In Step 1 of Figure 7, an 
initial population 210 of cardinality n is created by randomly drawn solutions. In the 
context of portfolio risk optimization, the solutions constituting the initial population are 
randomly drawn from a solutions archive 218 which may be comprised of the initial 
points population retrieved from a database, and which was generated using the initial 
points generation algorithm described above. Typically, the size of such a population 
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would be in range of 50 to 100 solutions, for example. After step 1, the process passes to 
step 2. 

[00124] In Step 2 the initial population of n individuals is passed through a dominance 
filter 211. As a result of the dominance filtering, in step 3, a non-dominated subset of 
cardinality (|i < n) is identified. In step 4 as shown in Figure 6, this non-dominated 
subset is committed to the non-dominated solutions archive 220, as shown in Figure 6. 
After step 4, the process passes to step 5. 

[00125] In Step 5, n/2 randomly matched pairs of parent solutions from the population 
210 are combined to create n "offspring" solutions. In the context of portfolio risk 
optimization, since the feasible space is convex, and we already include a sample of the 
bounds of the convex feasible space via points from the solutions archive, convex 
combination of two parent solutions to yield two offspring solutions is a suitable 
crossover technique. Given two vectors x and y, the two offspring vectors generated via 
convex crossover are wx + (l-w)y, and (l-w)x + wy, where w is a real random number in 
the space [0, 1]. The n offspring solutions are passed through a dominance filter in Step 
6. The dominance filter processing identifies the non-dominated subset of cardinality (A, 
< n), as shown in Step 7. 

[00126] Accordingly, as shown in Figure 6, the processing box 212 shows the 
prepared non-dominated parent solutions and the non-dominated off-spring solutions. In 
step 8, these two solutions are combined. That is, in step 8, we combine the two non- 
dominated solution subsets of cardinality ([i+X < 2n). The combined solutions are passed 
through a non-crowding filter 214 in step 9. The non-crowding filter 214 removes a 

smaller subset of a solutions that are clustered. The result of this non-crowding 
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operation of step 9 is a reduced solution subset of cardinality |x+A.-a. The non-crowding 
filter identifies regions that are heavily clustered and drops solutions from those dense 
clusters, i.e., so as to generate a more representative set or solutions. 
[00127] After step 9, the process passes to step 10, in accordance v^ith one 
embodiment of the invention. In Step 10, a new population 216 of n individuals is 
created. If n = p,+X,-cx, then the filtered population from Step 9 becomes the new 
improved population. In the case that n > |Li+X-a, m individuals from the solutions 
archive 218 are randomly drawn such that n = m+p.+A.-a. The inclusion of these m 
individuals from the solutions archive 218 injects new points into the population 
enhancing its diversity. 

[00128] Alternatively, it may be the case that n < |i+A,-a. In this situation, we are 
faced with a problem of discarding some solutions from the set of |Li+X-a, and at the same 
time promoting diversity via the injection of new points. This may be achieved in two 
sub-steps. In the first sub-step, (n - p) solutions are randomly selected from the |i+A,-a 
solutions, where "p" is a number that is one tenth the magnitude of n, for example. In 
this processing, the value of "p" stays constant (e.g. "p" may be 5 solutions). In other 
words, p solutions (e.g. 20 solutions) are randomly discarded from the set of ji+X-a 
solutions (e.g., which might number 65). To adjust the cardinality of the new population 
to n, p solutions are randomly injected from the solutions archive. The inclusion of these 
p individuals from the solutions archive injects new points into the population enhancing 
its diversity, and resulting in a desired number of 50 solutions, for example. The process 
of Figure 6 and Figure 7 then passes to step 1 1 . 
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[00129] In Step 1 1 of Figure 7, the new population 216 replaces the previous 
population 210, i.e., the population 210 is updated, and the evolutionary process is 
continued, i.e., repeated, until convergence is achieved, or allocated computational cycles 
are exhausted. Accordingly, at the conclusion of the evolutionary search, a non- 
dominated solutions archive 220 is achieved. 

[00130] Accordingly, in step 12 of Figure 7, the archive of non-dominated solutions 
from each generation is finalized to result in a "Final- 1" set of global non-dominated 
solutions. Then, in step 14, the archived non-dominated solutions from each generation 
are processed using dominance filtering 211, for example, as described in Figure 10 and 
Figure 11. After step 14, a "Final-2'' set of filtered, global non-dominated solutions are 
generated. Then, in step 16 of Figure 7, the filtered, global non-dominated solution set is 
output to an archive 230. After step 16 of Figure 7, the process passes to step 18. In step 
18, the process returns to Figure 2. That is, the processing of Figure 6 and Figure 7 
results in the interim efficient frontier 32, which may be temporarily stored, as desired. 
[00131] In step 16, the process finalizes the resulting archive of filtered global non- 
dominated solutions. Accordingly, a near-Pareto-optimal frontier is generated. 
[00132] TOGA Processing 

[00133] As shown in Figure 2, the PSEA processing 200 may be said to run in parallel 
with processing 300 using what may be characterized as a Target Objectives Genetic 
Algorithm (TOGA), in accordance with one embodiment of the invention. TOGA is a 
non-Pareto, non-aggregating function approach to multi-objective optimization (Eklund 
2002) that borrows concepts from goal programming and Schaffer's Vector Evaluated 
Genetic Algorithm (Shaffer, et al 1985). 
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[00134] While TOGA has been previously disclosed (Eklund 2002) in the context of 
multi-objective visible spectrum optimization for lighting applications, its 
implementation in the context of multifactor nonlinear non-convex multi-objective 
portfolio risk optimization, as described herein, is novel. Further, in accordance with 
embodiments of the invention, TOGA is incorporated into a broader framework for 
portfolio risk optimization. In accordance with some embodiments of the invention, this 
broader framework for portfolio risk optimization includes the linear programming-based 
initial points population generation approach (step 100 of Figure 2), and the PSEA 
optimization approach (step 200 of Figure 2). 

[00135] Figure 8 is a flowchart showing aspects of the TOGA processing in 
accordance with one embodiment of the invention. That is, Figure 8 shows further details 
of step 300 of Figure 2. As shown in Figure 8, the process starts in step 300 and passes to 
step 310. As illustrated by step 310, given k objectives, TOGA requires the user to 
provide a set of c target vectors, T"" , for k-1 objectives, where c is the number of optimal 
points the user wishes to find in one run of the algorithm. In the absence of domain 
knowledge to the contrary, taking all combinations of points of interest for each objective 
(considered separately) is the recommended method for developing the target vectors. In 
addition, k-l scaling factors, w, are required (which can typically be determined 
empirically). After step 310 of Figure 8, the process passes to step 320. As illustrated by 
step 320, during each generation, the objective values for each chromosome in the 
population are evaluated once. Note that this property may be particularly important in 
cases where the fitness function is very costly to evaluate; e.g., finite element analysis. 
After the value of the multiple objectives for each chromosome in the population is 
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evaluated once, then as shown in step 330 of Figure 8, the fitness "from the perspective" 
of each target vector is calculated based on the objective values using (for a maximization 
problem): 

i^^=/,(^)-vw,(/2(x)-ro'-M'2(/2(^)-r,0'-...-v.'(*-,)(/*(^)-7;L.))' 

where: 

F"" is the fitness from the perspective of target vector c 
fi,{x) is the objective value of objective k 

^ scaling factor for objective k 
7J^_,) is the target value for objective k in target combination c 

[00136] After step 330 of Figure 8, the process passes to step 340. That is, given F*" , 
selection (with replacement) of a small, even number (e.g., 4, 6, or 8) of chromosomes is 
performed for each of c target combinations using a rank based procedure, with the 
probability of selecting the i^^ chromosome (when the chromosomes are sorted according 
to fitness). Pi according to: 

j._ g(i-gr' 

where: 

q is the probability of selecting the fittest individual; 
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r is the rank of chromosome (1 is best); and 
n is the population size. 

After step 340 of Figure 8, the process passes to step 350. In step 350, crossover is 
performed separately on each of the c subpopulations formed. 

[00137] In accordance with one embodiment of the invention, it is recommended that 
q be kept quite low (less than 0.1), to promote exchange of genetic material from 
different locations on the optimal front (i.e., so that universally good building blocks 
developed in one region can spread rapidly to other regions). However, because of the 
low likelihood of preserving the best chromosome from each target combination, elitism 
is an important feature of TOGA. Further, as shown in step 360, during each generation 
the chromosome with the maximum for each of the c combinations is passed on, 
unmodified, to the next generation. Note that this might be the same chromosome for 
different target combinations, particularly during early generations. The method of 
mutation is not specified for TOGA. That is, mutation should occur, but the particulars 
of implementation are not dictated by the TOGA approach. 

[00138] With further reference to Figure 8, after step 360, the process passes to step 
370. In step 320, the process returns to step 34 of Figure 2. That is, an interim efficient 
frontier has been generated. 

[00139] In further explanation of the TOGA processing, the selection and elitism 

strategies are the key elements in TOGA. By selecting from the perspective of each T*" , 

subpopulations specializing in performance at that particular point on the optimal front 

are developed. However, diversity is maintained by having multiple T"" , and by elitism. 
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Moreover, by sharing good genetic building blocks developed on different regions of the 
optimal front, substantial efficiency is gained when compared to individual goal 
programming runs, which have to start from scratch. 
[00140] The Fusion Technique 

[00141] In accordance with further aspects of the invention, it may be the situation that 
the measures of return and risk are represented by functions that are arbitrarily non- 
convex and nonlinear. In this case, there is no computationally tractable algorithmic 
approach that can guarantee optimality of the identified efficient frontier. In such a 
situation, a single execution of any of the stochastic multi-objective optimization 
algorithms described above may be insufficient. However, in accordance with one 
embodiment of the invention, better coverage of the efficient frontier may be obtained by 
multiple executions and combination of the results of the executions of a combination of 
these algorithms. Accordingly, step 560 of Figure 2 shows the application of fusion 
techniques to combine the interim efficient frontiers to generate the efficient frontier. 
Further, Figure 9 further shows the fusion processing in accordance with one 
embodiment of the invention. 

[00142] It is noted that each of the multi-objective optimization algorithms (200, 300, 
310) incorporates a different set of stochastic search heuristics. Accordingly, one such 
algorithm may therefore be better than the other algorithm for certain problems and in 
certain regions of the efficient frontier. Therefore, an efficient and robust method (for 
identification of the best possible efficient frontier) is to combine the results of multiple 
executions of each of these optimization algorithms, and perform a dominance filtering of 
the fused set of results. This process is described in Figure 9. 
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[00143] That is, Figure 9 shows a fusing process 570 in accordance with one 
embodiment of the invention. For example, the fusing process might be used in the 
processing of Figure 2. The application of fusion techniques to combine efficient 
frontiers starts with a multiobjective portfoho optimization problem, as shown in step 572 
of Figure 9. In accordance with one embodiment of the invention, the process may use 
the processing of Figure 3, as described above, so as to generate the initial feasible points 
in solving the multiobjective portfolio optimization problem. 

[00144] Once the optimization problem has been prepared as shown in steps 573 and 
572, the process passes to steps (200, 300 and/or 310). That is, the process of Figure 9 
uses one or more techniques to generate a number of interim efficient frontiers 574. For 
example, these techniques might include PSEA, TOGA, SLP, and others, for example. 
Steps (200, 300 and/or 310) might be performed in parallel, for example. 
[00145] Once the interim efficient frontiers 574 have been generated, the process 
passes to step 575. In step 575, the process of Figure 9 fuses the various interim efficient 
frontiers, which were generated by the processes (200, 300, 310). This fusing is 
performed by combining the interim efficient frontiers in some suitable manner, as 
discussed below. Each of the techniques used by the processes (200, 300, 310), shown in 
Figure 9, may be executed multiple times to yield different efficient frontiers. Various 
different runs of the techniques may incorporate a different set of stochastic search 
heuristics, and may respectively focus on particular problems and on particular regions of 
the efficient frontier. 

[00146] Further, it is appreciated that the user might view the generated efficient 
frontier (from step 575 or step 576) and determine that such generated efficient frontier is 
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not sufficient. For example, the efficient frontier may not have the diversity that the user, 
e.g., a portfolio manager, desires or expects. Accordingly, the user might rerun the 
process of Figure 9, so as to attain the desired diversity, for example. The results of the 
multiple runs might be combined in some suitable manner, as shown in step 578 of 
Figure 9. 

[00147] Further, it is not necessary that each of the techniques be used. For example, 
only PSEA processing and TOGA processing might be used. Each of the PSEA, TOGA 
and/or SLP processing feeds into the fused efficient frontiers. That is, in step 575 of 
Figure 9, the various generated interim efficient frontiers are collected and are fused 
together. While the fusion technique itself may be based on one of several heuristics, one 
approach presented herein includes a concatenation, i.e., an augmentation of sets, of the 
frontiers determined by the various algorithms. However, the fusion processing of step 
575 may include other techniques to combine the efficient frontiers 574. Other fusion 
operators, e.g. probabilistic fusion techniques, may be applied when there exists a 
measure of uncertainty in the generated efficient frontiers. 

[00148] In accordance with one embodiment of the invention, as shown in Figure 9, 
after step 575 in which the interim efficient frontiers are fused into a single efficient 
frontier, the single efficient frontier is then passed through dominance filtering. In 
accordance with one embodiment of the invention, the novel "fast dominance filtering" 
as described herein may be used. The dominance filtering is a key step in the fusion of 
frontiers since this filtering guarantees that only the overall best performing results from 
each of the algorithm executions are retained. The effect of the filtering is therefore 
retention of the solutions representing a best, i.e., the best that can be achieved, 
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approximation to the true efficient frontier. This processing results in a robust efficient 
frontier (36, 36'), as shown in Figure 2 and Figure 9. 

[00149] Hereinafter, further aspects of the fusion processing will be described in 
accordance with some embodiments of the invention. Fusion as described herein may be 
characterized as relying on two assumptions: (1) the evaluation of a given portfolio is 
deterministic, i.e., the performance of a portfolio (a vector of asset allocations in the 
portfolio configuration space X) is represented by a point = [y/4,...,y/,J, defined in an 
n-dimensional performance space Y ); and (2) each process generating a set of non- 
dominated points (i.e., any of the execution blocks (200, 200', 300, 300', 310, 310') 
illustrated in Figure 9) is equally reliable. Under these assumptions the set aggregation, 
i.e. union, is a reasonable fusion operator. 

[00150] It is possible to have situations in which we need to relax one of the above 
assumptions. In situations when we could no longer assume a deterministic portfolio 
evaluation, we could face two possible types of evaluation uncertainty: "stochastic' 
(defined by a continuous probability distribution) and "discrete-probabilistic." Stochastic 
uncertainty is introduced when the performance of the assets included in a portfolio 
can only be evaluated stochastically. Hence the performance of X^will be a probability 
distribution defined on each dimension j of the performance space (e.g., return, risk, etc.) 
Under usual assumptions of normality, this distribution will be represented by a mean ju^ j 

and a standard deviation a^ j (average and standard deviation of portfolio X- for 
performance metric yj). Therefore, the representation of portfolio X- in the performance 
space is now 1^ = [(///,i,<7/,i ),.•.,(///,„, ^^,,„)]. Initially, by using a common statistical 
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transformation we can transform each pair (ji^^^^) ^ confidence interval [a. 
where a. , and b-^ are the lower and upper bounds of the confidence interval for a given 
confidence level a. The representation of a portfolio X. in the performance space is 
now Y- = In contrast with the deterministic evaluation, each 

portfolio will now be represented in performance space 7 by a hyper-rectangle instead of 
a single point. 

[00151] The fusion process will now account for this uncertainty and the set 
augmentation will be extended to include hyper-rectangles as well as single points. In 
such a case, it is important to also consider this uncertainty when using the space- 
decomposition-based dominance filter. Rather than selecting only non-dominated points 
in the set generated by the fusion, the filter will include a tolerance bound €, which will 
retain ^-dominated points. These aspects of the fusion processing in accordance with 
one embodiment of the invention are described below. 

[00152] In Figure 29 we illustrate an example of fusion for the deterministic 
evaluation of portfolio performance obtained from two sources, A and B. These sources 
could be any of the execution blocks (200, 200', 300, 300', 310, 310') illustrated in 
Figure 9. In this example, Source A is generating 3 points, {(1,1), (3,3), (6,5)}, while 
source B is generating 2 points, {(2,2), (4,4)}. As the points are all distinct, the fusion 
will generate the union of all five points. 

[00153] In Figure 30, we illustrate the same example but now source B is using a 

stochastic evaluation of the portfolio performance. In lieu of generating two points, as in 

Figure 29, after the transformation from the evaluation statistics to the confidence 

intervals, we now have two regions (defined by rectangles in 2-D spaces and by hyper- 
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rectangles in higher dimensional spaces). The fusion is the union of all regions and 
points. The same Figure 30 shows a Pareto surface with some tolerance bound, to 
account for the uncertainty in the evaluation. 

[00154] A different situation arises when the uncertainty cannot be represented by a 
continuous probability distribution but rather by discrete probability assignments to 
subsets of points in the performance space Y . Imagine for instance that the evaluation of 
a given metric (e.g., return) can take only one of a small, finite number of values, 
depending on the outcome of a given event (e.g. the approval of a merger, the granting of 
a license from a regulatory agency, etc.) 

[00155] Instead of creating hyper-rectangles (as we did in the case of stochastic 
uncertainty), we now have a discrete subset of points, with a probabilistic assignment 
associated with each singleton point. For example the representation of portfolio X- in 
the performance space could be described as: 

[00156] This representation can be interpreted as following: in the first assignment, we 
show that the first metric can take one of five possible values: y, ), through y. ,5 . Each 

value assignment has an associated probability value. The sum of the probability values 
for the entire assignment is equal to one. In the last assignment, we show that the last 
metric can take one of two possible values y^^^ and y • „2 • Next to each value we show its 
associated probability value. 
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[00157] Note that we could represent the deterministic assignment illustrated in 
Figures 30 and 31 in this manner, by binding one of the probability values in each 
assignment (as shown contained in a squared bracket) to one and binding the remaining 
ones to zero. This concept is illustrated in Figure 31, where the deterministic 
assignments in source A are represented as three probabilistic assignments, each with 
probability one. That is, Figures 30 and 31 show continuous and discrete probabilistic 
assignments. 

[00158] In the same example in Figure 31, we can observe that source B has generated 
a "discrete-probabilistic" evaluation. In lieu of the two points or two rectangles we now 
have two discrete assignments, as indicated in Figure 32. 

[00159] After all assignments have been determined, we can perform a "probabilistic 
fusion," which is derived from an extension of Dempster-Shafer (DS) rule of 
combination. DS rule has been defined (Shafer, 1967; Dempster, 1976) to implement the 
"intersection" of the probabilistic outcome of two or more sources. In a generalization of 
this rule, filed in a previous patent application (U.S. Application Serial No. 10/425,721, 
filed April 30 2003, which is incorporated herein by reference in its entirety, the 
inventors redefined DS rule of combination as the "outer product" of two probability 
distributions using the "scalar product" as an operator. In the same patent application, the 
inventors generalized DS rule of composition by allowing the outer product operator to 
be any Triangular T-norms (instead of the scalar product). This is illustrated in the table 
of Figure 37. 

[00160] We recall that Triangular norms (T-norms) and Triangular conorms (T- 
conorms) are the most general families of binary functions that satisfy the requirements 
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of the intersection and union operators, respectively (Schweizer and Sklar, 1963; 
Bonissone 1987). T-norms T(Xyy) and T-conorms S{x,y) are two-place functions that map 
the unit square into the unit interval, i.e., T : [0,1] x [0,1] [0,1] and S : [0,1] x [0,1] -> [0,1] 
They are monotonic, commutative and associative functions. Their corresponding 
boundary conditions, i.e., the evaluation of the T-norms and T-conorms at the extremes 
of the [0,1] interval, satisfy the truth tables of the logical AND and OR operators. They 
are related by the DeMorgan duality, which states that if N(x) is a negation operator, then 
the T-conorm S(x,y) can be defined as S(x,y) = N(T(N(x), N(y))). 
[00161] Given that the fusion, in accordance with some embodiments of the invention 
requires evaluating the "union " of the probabilistic outcome of two or more sources, we 
extend the previous work set out in U.S. Application Serial No. 10/425,721 (to P. 
Bonissone, et al. entitled "System And Process For A Fusion Classification For Insurance 
Underwriting Suitable For Use By An Automated System") by using Triangular conorms 
S(x,y,) as the outer product operators. In Figure 32, we show the results of the fusion 
using the triangular conorm S(x,y,)= x-^y - jc*y. This conorm is the DeMorgan dual of 
the scalar product, using the negation operator A^fjcJ =l-x. Let's recall that S(x,y) = 
N(T(N(x), N(y))). Other T-conorms, such as the ones listed in the table of Figure 38, 
could also be used to account for positive or negative correlation among the sources. 
[00162] Once the fusion is performed, we can use a threshold and only consider those 
points whose probability is greater than the threshold. This is analogous to the threshold- 
operation that yielded the confidence interval in the case of stochastic uncertainty. 
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[00163] As a further extension, the probabilistic assignment illustrated in Figure 31 
could be extended to "subsets" rather than "singletons," and a similar generalization of 
the fusion could be applied as well. 

[00164] Up to this point we assumed that original assumption two was valid, i.e., we 
assumed that each process generating a set of non-dominated points was "equally 
reliable." When this is not the case, we need to use a discounting mechanism that can 
provide such a differentiation. This discounting can be implemented in the framework of 
discrete-probabilistic evaluation by assigning a non-zero probability value to the union of 
all values. 

[00165] Space-Decomposition-Based Dominance Filtering Process 
[00166] In accordance with the embodiment of the invention shown in Figure 2, 
dominance filtering is a highly useful component of our approach to multi-objective 
portfolio optimization. To explain, given a set of M vectors to be partitioned into 
dominated and non-dominated subsets, and given N objectives, the worst-case 
computational complexity of the typical partitioning process is 0(N M^). For large M 
and N > 2, the time required to partition the set of M vectors grows rapidly. Also, since 
the PSEA described above is dependent on its ability to repeatedly and rapidly 
differentiate between the dominated and non-dominated solutions, speed in dominance 
filtering directly impacts the computational performance of the PSEA. 
[00167] Accordingly, in some embodiments of the invention, what might be 
characterized as a fast version of dominance filtering is disclosed below, i.e., an approach 
to dominance filtering that has been observed by the inventors to typically be faster than 
known approaches. This implementation, as provided by one aspect of the invention, 
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relies on intelligently decomposing the set of solutions to be partitioned, and working 
systematically on smaller subsets of the full set of solutions. Such a problem 
decomposition results in a significantly reduced problem complexity, since the 
cardinality (m), i.e., size, for these smaller sets is typically much smaller than the 
cardinality (size) of the entire solution set (m « M). 

[00168] However, while the use of a dominance filter is described herein in 
accordance with some embodiments of the invention, it is noted that the use of this 
specific implementation may not be needed, and that one novelty of the inventive systems 
and methods described herein is in the use of a dominance filter with performance better 
than the traditional 0(N M^) for improving the on-line performance of a multi-objective 
search algorithm, and more specifically for portfolio optimization. Therefore, any so 
called fast dominance filter that may implement any from a diverse set of heuristics for 
improving on the traditional filter's computational performance without compromising 
on the quality of results may be utilized for the purposes of achieving performance 
improvements. 

[00169] We refer to Figure 10 in explanation of the operation of the fast dominance 
filter, in accordance with one embodiment of the invention. As shown. Figure 10 
includes four graphs representing the process or computational steps. Figure 1 1 is a 
flowchart also illustrating the process steps. As shown in Figure 10, the dominance 
filtering might be characterized as space decomposition based dominance filtering. 
Further, the dominance filtering process may be performed by a suitable dominance 
filtering processing portion 402. 
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[00170] For purposes of illustration, the steps of Figure 10 are shown in two 
dimensions. The two dimensions respectively represent two objectives. Accordingly, the 
goal of the fast dominance filtering process is the maximization of each of the two 
objectives, in this two-dimensional example. The process of Figure 10 can and typically 
will be expanded to many more than two dimensions. Also, as illustrated in Figure 2, the 
fast dominance filtering process may be used in conjunction with the PSEA processing 
(step 200) and/or the related fusion processing (step 500), for example. 
[00171] As shown in Figure 1 1, the process starts in step 400 and passes to step 410. 
In step 410, a set of initial data is provided. However, as used here, the term "initial 
data'' means data initially used in the process of Figure 1 1 . Accordingly, the initial data 
of step 410 may have been previously processed by any of a variety of other techniques, 
prior to the processing of Figure 1 1 . 

[00172] The initial set of data is also illustrated by graph 1 of Figure 10. After step 
410 of Figure 1 1, the process passes to step 420. In step 420, the problem is converted to 
a maximization ("larger is better'') problem by multiplying the value of any minimization 
("smaller is better") dimension by -1. This step enforces uniformity in any sorting 
procedures and consequently saves computational time. However, the problem might 
alternatively have been converted to a minimization problem to achieve the same effect 
with no difference in the resulting Pareto optimal set. 

[00173] After step 420, the process passes to step 430. In step 430, a first dimension is 
selected for consideration. Accordingly, the considered dimension may be termed a 
"dimension under consideration." As shown in Figure 10, graph 2 illustrates 
consideration of dimension 1 and graph 3 illustrates consideration of dimension 2. 
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[00174] After step 430, in which the dimension under consideration is selected, the 
process passes to step 440. In step 440, the process generates bins based on all the 
dimensions, other than the dimension under consideration. Thus, if dealing with a total 
of two dimensions, the binning will simply involve strips, as shown in Figure 10. In 
Figure 10, graph 2 shows the consideration of dimension 1 and includes splitting 
dimension 2 into a plurality of bins 402. On the other hand, graph 3 shows the 
consideration of dimension 2 and includes splitting dimension 1 into a plurality of bins 
404. 

[00175] Alternatively, if dealing with a total of three dimensions, the binning will 
involve decomposing the space into rectangles based on all the dimensions, other than the 
dimension under consideration. Alternatively, if dealing with a total of four dimensions, 
the binning will involve decomposing the space into hexahedra based on the three 
dimensions not under consideration. After step 440, the process passes to step 450. 
[00176] In step 450, the process determines the point in each of the formed bins with 
the greatest value in the dimension under consideration. For example, with reference to 
graph 2, this point with the greatest value would be the points 403, as shown in Figure 10. 
That is, in step 450, the process determines the points 403. After step 450, the process 
passes to step 460. 

[00177] In step 460, the process of Figures 10 amd 1 1 compares the maximum point in 
each bin to the other points in the data set, i.e., including those points in other bins, so as 
to determine some dominated points in the data set. As shown in Figure 10, the filled 
diamonds (403) are maximum values within a bin along the dimension under 
consideration. In Figure 10, points not dominated by the bin-maximum points are shown 
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as open circles. Further, dominated points are shown as "dots." The "dots'* are not 
greater than the respective points 403 in both dimension 1 or dimension 2. Accordingly, 
the dots are dominated points, which by definition can not be a part of the Pareto front. 
As a result, in step 465, the process permanently removes all the dominated points found 
in the current iteration from further consideration. Thus, as the process progresses, it is 
necessary to compare fewer and fewer points to each other. This drastically improves the 
computational performance in the later stages of the processing. 
[00178] After step 465 of Figure 1 1, the process passes to step 470. In step 470, the 
process determines whether there are dimensions that have not been "under 
consideration." If yes, than the process passes to step 475. In step 475, the process 
proceeds to the next dimension to be the "dimension under consideration." For example, 
the process proceeds to consider dimension 2, as shown in graph 3 of Figure 10. 
[00179] After step 475, the process returns to step 440. Thereafter, the process 
proceeds as described above, i.e., in processing of the further dimension. As the process 
proceeds through the dimensions, i.e., by making in turn each dimension the dimension 
under consideration, the number of points in the data set is progressively reduced. 
[00180] As described herein, a first dimension will be the dimension under 
consideration, and thereafter, a second dimension will be the dimension under 
consideration, for example. It should be understood that during processing with the 
"second dimension under consideration", for example, the first dimension (which was 
previously under consideration) is treated as any other dimension, i.e., the first dimension 
is not, at the time, under consideration. Likewise, when a third dimension is under 
consideration, the first and third dimension will be treated as any other. 
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[00181] At some point in the process of Figure 1 1, each dimension will have been 
considered. Accordingly, at that time, the process will determine, in step 470, that each 
dimension has indeed been considered. The process then passes to step 480. 
[00182] In step 480, the process performs a final dominance check on the remaining 
points. This final dominance check may be performed using known techniques. The set 
of remaining points subjected to the final dominance check will be in most cases 
substantially reduced, as compared to the number of points in the initial data set. After 
step 480, the process passes to step 490. In step 490, the fast dominance filtering process 
ends. 

[00183] As shown in Figure 10 and discussed above, the dimensions (other than the 
dimension under consideration) are respectively split into some number of bins. The 
particular number of bins may be based on any of a variety of criteria, such as the number 
of points remaining to classify, for example, or any other criteria. For example, as shown 
in Figure 10, the bins based on dimension 2 (Graph 2) are courser than the bins based on 
dimension 1 (Graph 3). For example, as the number of points decreases, the coarseness 
of the bins may decrease. 

[00184] In accordance with embodiments of the invention, the dominance filter 
provides a speedup. The magnitude of the speedup provided by the fast dominance filter 
varies of course based on the nature of the binning method, including the size of the bins, 
and the distribution of the initial set, for example. If the number of points dominated by 
the maximum points within the bins early in the process is a relatively large fraction of 
M, , very good speedups are possible in the dominance filtering. The maximum speedups 
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therefore arise when the raw data are relatively evenly distributed throughout the 
objectives space. 

[00185] Hereinafter, further aspects and subtitles of the dominance filtering process 
are described. The dominance filtering process 400 as described herein assumes that 
there is no uncertainty associated with the value of each portfolio on each dimension. 
While this assumption produces quite reasonable and usable results, it is assuredly false. 
Any metric that purports to measure the future value of a portfolio has some uncertainty 
associated with the prediction. 

[00186] To take that uncertainty into account for the dominance filtering, one needs 
only to extend the definition of dominance described above. That is, the definition of 
dominance may be extended to: Given an n-dimensional measurable space whose 
elements can be partially ordered, and some estimate of uncertainty, £i, a vector in this 
space X = (xi, X2, . . Xn) is considered non-dominated if there exists no other vector z 
such that: 

Xi + Ei < Zi for all i, and Xk + Ek < zr for at least one 1 < k <n. 
As used in this relationship, the symbol < may be interpreted as "the right-hand-side of 
the relationship "is better than" its left-hand-side" (or "better-than" relation) without loss 
of generality. Using this definition of dominance, the dominance filtering process can 
take the uncertainty inherent in estimating future values into account. Note that the value 
of e need not be the same for each dimension. 
[00187] Interactive Supplementation of the Efficient Frontier 

[00188] As described above, when the measures of return and risk may be represented 

by functions that are arbitrarily non-convex and nonlinear, there is no computationally 
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tractable algorithmic approach that can guarantee optimality of the identified efficient 
frontier. As such the identified efficient frontier may have a few gaps or holes. Such 
holes may be easily identified by a user via a use of multiple orthogonal 2D projections 
of the efficient frontier. The TOGA described earlier is a multi-objective optimizer more 
suited when good targets may be placed in the objectives space. 
[00189] When a user identifies potential gaps or holes in the efficient frontier, they 
may select those regions for further sampling by manually placing targets in those areas, 
in accordance with one embodiment of the invention. Once a gap is identified on a plot, 
choose values of one of the objectives that exhibit the gap that would fill the gap, and use 
these values to construct T"" as described in the description herein of TOGA processing, 
i.e., as shown in step 310 of Figure 8, for example. This may be performed by 
interactively using a suitable visualization tool capable of two-dimensional plots. Once 
targets are specified in those regions, the TOGA is invoked to identify the efficient 
frontier in those regions. This frontier is combined with the efficient frontier identified 
via the algorithm fusion, and results in a more complete robust efficient frontier. This 
process is shown in Figure 12. 

[00190] As shown in Figure 12, the process starts with the fused efficient frontiers 
560', as described above with reference to Figure 2. After step 560 of Figure 12, the 
process passes to step 570. In step 570 fast dominance filtering is performed, as is also 
described above. This processing results in a robust efficient frontier 36. After obtaining 
the robust efficient frontier 36, the generated efficient frontiers may be examined in the 
gap filling processing 600, as shown in Figure 12. The processing 600 may be performed 
by a gap filling portion 602, for example. 
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[00191] As can be appreciated, there may be gaps in the efficient frontier. To explain, 
in accordance with one embodiment of the invention, the efficient frontier is visually 
observed or inspected by a user, e.g., a portfolio manager. For example. Figure 13 is a 
diagram showing an efficient frontier in a 3D View in accordance with one embodiment 
of the invention. A suitable visualization tool 612 might be used for this visual 
observation. Based on this inspection, the user may well identify gaps in the efficient 
frontier. The user may be interested in points in the area of the gaps and wish to effect 
further sampling in the area of the gaps. Accordingly, the user may interactively place 
targets in those identified areas having gaps, in accordance with one embodiment of the 
invention. 

[00192] Accordingly, with reference to Figure 12, as a result of the visualization step 
610 of Figure 12, the process passes to step 615. In step 615, based on the identification 
of gaps in the efficient frontier, targets are interactively placed in the area of the gaps. 
After step 615, the process passes to step 620. 

[00193] In accordance with one novel aspect of the invention, in step 620 TOGA 
processing is effected. Specifically, TOGA processing is performed in the targeted area 
so as to fill in the targeted area with further points, i.e., so as to more completely fill the 
efficient frontier. As can be appreciated, the target area must be provided to the TOGA 
processing in some suitable manner, i.e., so as to effect the TOGA processing in the 
desired target area. This may be performed by providing the initial feasible points to the 
TOGA processing. In accordance with one embodiment of the invention, the initial 
feasible points might be generated by randomized linear programming. 
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[00194] Accordingly, the results of the TOGA will provide further data points on the 
efficient frontier in places or areas where there were previously gaps. These 
supplemental points will be combined with the remainder of the efficient frontier 36, so 
as to generate a more complete efficient frontier. The more complete efficient frontier 
provides a user, such as a portfolio manager, with further options as to the characteristics 
of a particular portfolio which might be chosen. 

[00195] Portfolio Selection Using Visualization Technique and Decision Making in 
Multi-Objective Optimization 

[00196] Hereinafter, further aspects of the systems and methods of embodiments of the 
invention will be described relating to portfolio selection using visualization techniques 
and decision making in multi-objective optimization. 

[00197] Real-world problems are often characterized by multiple measures of 
performance, which need to be optimized or at least satisfied simultaneously. The 
decision maker needs to search for the best, i.e., the non-dominated solutions, while 
evaluating and aggregating his/her preferences over multiple criteria. For instance, the 
decision maker, for instance portfolio manager or investor, might want to find the 
portfolio that minimizes risk (measured by standard deviation, value at-risk, credit risk, 
etc.) and maximizes expected return (measured by expect profits, accounting income, 
yield, etc.). Since these objectives cannot be satisfied simultaneously, tradeoffs must be 
performed. In accordance with one aspect of the invention, we need to establish a search 
method driven by multi-objective functions to find non-dominated solutions, a multi- 
criteria tradeoff policy, and an order for the optimization process. It should be noted that 
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the search for the best solution and the multi-criteria aggregation are not independent 
activities. 

[00198] (Horn 1997) identifies three models of decision-making. The first method 
relates to performing multi-objective aggregation and decision before search. This 
approach reduces the dimensionality of the problem by adding more ordering 
information. This is a well-known approach that could potentially generate sub-optimal 
solutions when the solution space is not convex. 

[00199] Further, a second known approach is to perform search before multi-objective 
aggregation. This second approach postpones tradeoffs until large numbers of inferior, 
dominated solutions are eliminated and the efficient Pareto Front has been identified. 
[00200] Lastly, a third method iteratively integrates search and multi-objective 
aggregation and decision. This third approach starts with a multi-criteria search that 
provides the decision maker with a preliminary idea of possible tradeoffs. The decision 
maker can then make multi-criteria decisions, limiting the search space dimensionality. 
A new search is then performed in this region of the solution space. 
[00201] In accordance with one embodiment of the invention, the third such method is 
applied in a novel manner, i.e., so as to iteratively integrate search and multi-objective 
aggregation and decision. 

[00202] With reference to the search processing utilized in this embodiment, we have 
already described the search process above, based on multi-objective evolutionary 
algorithms, to generate the Pareto Front. This front is a (hyper-) surface defined in the 
multi-objective space composed of the various metrics of return and risk used to evaluate 
a portfolio. Each point in such space represents a non-dominated solution, i.e. an 
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efficient portfolio. At this point we need to incorporate the decision maker's preferences 
in the return-risk tradeoff. The goal is to reduce the large number of viable solutions 
(thousands of points) into a much smaller subset that could then be further analyzed for a 
final portfolio selection. 

[00203] The present inventive concepts described herein provide visualization 
tools to elicit preferences and constraints to support dow^n selection process. We consider 
the case in which the decision maker is an integral part of the process. First we will 
discuss some of the visualization tools that might be used to support this analysis, and 
then we will briefly describe the down-selection process. Finally we will provide an 
example using a sequence of 2D projections generated with the assistance of a graphic 
tool provided by and licensed from AETION, Inc., and which is described in greater 
detail in (Josephson et al. 1998). J. R. Josephson, B. Chandrasekaran, M. Carroll, N. S. 
Iyer, Wasacz, G. Rizzoni, Q. Li, and D. A. Erb, "An Architecture for Exploring Large 
Design Spaces." Proceedings of National Conference of the American Association for 
Artificial Intelligence, Madison, Wisconsin, pp. 143-150, 1998. There are many known 
visualization tools that could be used to support the down selection and tradeoff process, 
such as parallel coordinates, web-diagrams, sequence of 2D projections, etc. 
[00204] For example, a parallel coordinates approach might be used. Using parallel 
coordinates, we can visualize a portfolio as line segments that pass through a sequence of 
post (one for each corresponding metrics). The order of the posts indicates the relative 
priorities of the metrics in the tradeoff process. Figure 14 shows an example of the 
parallel coordinates approach. 
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[00205] An alternative to the parallel coordinates is the Web-diagrams, which have the 
same interpretation as the parallel coordinates. In this case all posts share the same 
origin. 

[00206] Further, another method to visualize a high dimensional space is to generate a 
sequence of lower-dimensional projections. This method is the base of some Unix 
visualization tool, such as XGOBI and is in the same family of interactive visualization 
and decision-making tools as is the AETION, Inc. graphical tool that will be used later in 
our example. 

[00207] In accordance with one embodiment of the invention, a process includes 
defining a down-selection (or filtering) process that is based on iterative constraints and 
tradeoffs performed in the (Return, Risk) space. Return is a subspace that could be 
measured by one or more return metrics, such as expected profits, accounting income, 
yield etc. Similarly, Risk is a subspace that can also be defined by one or more metrics, 
such as Standard Deviation, Value at Risk (VAR), Interest Risk, Credit Risk etc. 
[00208] In addition to these metrics, which could be used in the optimization process 
described above, we could also compute additional metrics that will be used only to guide 
the down selection and tradeoff process. 

[00209] In accordance with one embodiment of the invention, the first step includes 
posting a set of independent constraints to determine the lower limits on return and the 
upper limits on risk, for each of the metrics. The set of potential solutions is refined as 
each of these constraints is executed. At the end of this process, we are left with all the 
points that have satisfied all these limit constraints. 
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[00210] Further Dependent Filters may be utilized. That is, at this point the decision 
maker will perform local tradeoffs, usually local dominance-filters such as a Pareto Front 
on a projection of the original space. Note that these tradeoffs are performed on sub- 
spaces (regions) of the original portfolio performance space. The order of these filters 
will determine the relative importance of each of the tradeoffs and reflects the preference 
of the decision maker. 

[00211] Additional metrics, with their associated constraints, could be used to further 
refine the down selection process. For instance, we could consider the case in which a 
Pareto Front is constructed in 3 dimensions, maximizing yield and minimizing variability 
(standard deviation) and Value at Risk (VAR). We could augment the space with an 
additional metric: transaction cost, which for the sake of simplicity could be considered 
proportional to the amount of changes (sell and buy) that must be applied to the original 
portfolio to transform it into its new desired configuration. It might be the situation that 
we do not want to explicitly minimize transaction costs, since the goal of generating a 
robust (to VAR) portfolio is more important and will conflict with this (robust portfolios 
require diversification, which in turn requires higher number of changes). However, after 
the multi-objective evolutionary algorithm described above has generated the Pareto 
Front, and we found the non-dominated solutions in the performance space (measured for 
instance by yield, standard deviation, and Value at Risk), we would like to consider 
transaction cost as part of our tradeoff policy. 

[00212] For purposes of illustration, let us consider as an example a portfolio 
rebalancing problem, in which the original portfolio needs to be modified to maximize 
the return measure Book yield (B-yield), while minimizing two risk measures (Riskl and 
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Riskl). A three-dimensional Pareto Front was obtained using the evolutionary search 
described above. In addition, we also computed three other metrics that will be used in 
the tradeoffs: Market Yield (M-yield), Dollar Duration Weight Market Yield (DWM- 
yield), and transaction costs (Delta). We use a graphical tool, licensed from AETION, 
Inc., that shows 2D projections of the multi-dimensional Pareto Front. If the Pareto 
Front is defined in Nl dimensions and we use an additional set of N2 metrics to guide the 
tradeoffs, we will have to examine (Nl+N2)*(Nl+N2-l)/2 projections. In this example 
the total number of possible projection will be (3+3)*(3+3-l)/2 = 15. However, we will 
not need all 15 projections, since some of them have higher priority in the decision- 
making process, because of the subjective preferences of the decision-maker, and will 
have a strong effect in the down selection process. 

[00213] In accordance with one embodiment of the invention, we project the Pareto 
Front on four projections: (B-yield, Riskl) 812, (B-yield, Risk2) 814, (Risk2, Riskl) 816, 
and (B-yield, DWM- Yield) 818. With reference to Figure 15, the first two projections 
show tradeoffs between return and risk (using different metrics), while the third and 
fourth projections show relationship between risk metrics and between return metrics. 
These projections are also shown in Figs. 16-22, as described below. 
[00214] In this example, the first step is to define the independent constraints in the 
(Return, Risk) space, such as limits on the "minimal amount of return" (B-yield) and the 
maximum amount of risk (Riskl) that the decision maker is willing to accept. For 
instance, illustratively we want all portfolios to yield at least 7.3% and have a Riskl of at 
most 0.14%. As shown in Figure 16, all points satisfying these criteria are respectively 
illustrated in the four projections as areas 820. 
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[00215] Now we consider the third metric, by limiting Risk2 not to exceed 0.034%, for 
example. With reference to Figure 17, the portfolios satisfying this constraint and the 
previous ones are shown by the areas 830. Further, as shown in Figure 17, the points 
satisfying the first set of constraints, but not the last one, are shown by the area 832, 
Further, the remaining points shown in Figure 17 do not satisfy any constraints. 
Accordingly, it should be appreciated that the only relevant part of this display of Figure 
17 is the set of points in the areas 832. 

[00216] At this point we want to eliminate the points that do not satisfy all the 
previous constraints and zoom in the region with the most promising solutions. We 
started with 1237 points. As part of executing these three constraints, we have reduced 
the number of points to a subset of 894 points. Now we impose the last independent 
constraint, by limiting the second yield metric DWM-yield to be greater or equal than 
7.59%. As illustrated in Figure 18, all the points satisfying this and all previous 
constraints are shown in the areas 840. 

[00217] This is the result of applying the independent constraints to the initial set. We 
have reduced the number of solutions from 1237 to 479. All these points, redrawn as the 
points shown in Figure 19, are globally non-dominated points that satisfy all the 
independent constraints. Note that the order of the application of the independent 
constraints is irrelevant, as the result would be the same. These constraints could have 
also been defined and executed in a batch mode, i.e., using a standard query. 
[00218] As described above, we have performed a series of independent constraints, 
by defining separate lower limits on return and upper limits on risk. At this point we can 
perform limited, local tradeoffs, i.e., focusing on a subspace of the total space, by 

-65- 



ATTORNEY DOCKET NO. 52493.000362 PATENT APPLICATION 

creating the Pareto Front in the 2-cIimensional region (B-yield, Riskl). The 55 points 
that satisfy this tradeoff are shown by the dots 860 of Figure 20. It should be appreciated 
that the order in which the local tradeoffs are performed is indeed relevant to the result. 
By starting in the (B-yield, Risk2) projection we state that, after satisfying all 
independent constraints, we want the best performance of the portfolio in this subspace, 
i.e., trying to maximize Book Yield and minimize Risk2, for example. 
[00219] After imposing this ordering preference, we zoom into the resulting 55 points 
as shown in Figure 21. We then perform the next most important tradeoff, generating a 
Pareto Front in the (B-yield, Risk2) region. The 10 points of this second front are shown 
in Figure 21 as the points 870. 

[00220] In accordance with one embodiment of the invention, at this point we could 
use additional metrics and constraints. For example, we could zoom into this new subset 
of 10 points and use other metrics, e.g., transaction cost (DeltaJ, to select the lowest cost 
portfolio, as shown in the bar graph 818 in Figure 22. 

[00221] Alternatively, instead of applying' additional constraints, we could analyze the 
structure of the subset of 10 points in the portfolio configuration space (X) instead of the 
portfolio performance space (Y). In Figure 23, we describe an example in which we 
visualize the asset allocation configuration of one of the selected ten portfolios. We 
could visualize the asset class allocation (2310) or individual securities in that asset class 
(2320). This will allow us to determine the overall transaction costs due to portfolio 
turnover and compare it with the other nine portfolios. 

[00222] Let us assume that in our example we only consider five asset classes, such as 
AAA Corporate bonds, AA, etc., as illustrated in Figure 24. We will compare the 
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allocation in the original portfolio with the allocation in each of the best 10 portfolios 
being considered. 

[00223] As illustrated by Figure 25, we compute the percentage of "sell" transactions 
(negative changes) and "buy" transactions (positive changes) required to transform the 
original portfolio into the new one. 

[00224] Let us focus on the first asset class. The average transaction (across all ten 
portfolios) involves selling 9% of the allocation in this asset class. The histogram of the 
suggested changes in this asset class across all portfolios is shown in Figure 26. 
[00225] By looking at this histogram we might decide that we do not want to increase 
our holdings in this class and decide to drop portfolio 2 and 5 (which would require 
further buy transactions in this asset class.) We could continue this process for other 
asset classes, the order again reflecting our sense of priority for each asset class, until the 
subset of 10 portfolios is reduced to a final point. 

[00226] We could also perform a similar analysis by looking at the absolute 
allocations by asset classes required by each portfolio, instead of the deltas, and impose 
limits on the total investment that we want to have in those asset classes. 
[00227] It should be appreciated that various visualization tools might be used in 
practice of the process as described above with respect to Figs. 15-22, for example. For 
example, the visualization tool offered by AETION, Inc. might be used. However, it is 
appreciated that a variety of visualization tools might alternatively be utilized. 
[00228] Accordingly, various aspects of the process have been described above. In 
summary. Figure 27 presents the steps of the process. As shown in Figure 27, the process 
starts in step 900 and passes to step 910. 
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[00229] In step 910, the process starts from a set of non-dominated solutions. These 
solutions might be obtained via multi-objective evolutionary search or other search 
methods. As illustrated in Figure 27, the non-dominated solutions might be generated by 
a solution set generation portion 912, as is described above. Then in step 920, the 
process imposes user-specified independent, or alternatively dependent, constraints on all 
relevant metrics, for example lower limits on retum and upper limits on risk. As 
illustrated in Figure 27, the application of the constraints in step 920 might be performed 
by an initial constraint portion 922. After step 920, the process passes to step 930. 
[00230] In step 930, the process executes a sequence of local tradeoffs (Pareto filters) 
in a user-specified order on regions (sub-spaces) of the portfolio performance space, as is 
described in detail above. The execution of this sequence of local trade-offs might be 
performed by a trade-off processing portion 912, as is shown in Figure 27. As shown in 
step 940, the result of the processing of step 930 is a two-order of magnitude down- 
selection from the initial set of (thousands of) points to a small subset (usually of the 
order of ten). After step 940, the process passes to step 950. 
[00231] In step 950, the final selection from this small subset can be achieved by 
applying additional metrics and constraints or by imposing preferences in the portfolio 
configuration space. For example, as discussed above, the additional metrics or 
constraints might relate to a variety of parameters including asset allocation, commission 
rates, or transaction costs, for example. The imposition of these additional metrics might 
be illustratively performed by a subsequent constraint portion 950, for example. After 
step 950, the process ends in step 960. 
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[00232] In accordance with one aspect of the invention, the visualization techniques 
described above may utilize two types of metrics. These two types include "performance 
metrics" (in a performance space), as well as "portfolio configuration metrics*' (in 
portfolio configuration space). Performance metrics may be characterized as metrics that 
measure the actual performance of a particular solution in a space. On the other hand, 
portfolio configuration metrics do not measure of the performance of a particular 
solution. Rather, portfolio configuration metrics measure particular attributes about a 
solution, i.e., a portfolio. For example, portfolio configuration metrics may measure the 
transactions necessary to convert one portfolio to a second portfolio. Alternatively, 
portfolio configuration metrics may measure the required transaction costs to generate a 
particular portfolio. 

[00233] Further Aspects of the Invention 

[00234] In accordance with various embodiments of the invention described herein, a 
system and method for solving multifactor nonlinear non-convex multi-objective 
portfolio risk optimization problems is presented. The approach is based on a powerful 
combination of Evolutionary Algorithms and algorithms and heuristics that exploit 
problem domain knowledge. The disclosed approach to multifactor nonlinear non- 
convex portfolio risk optimization is based on a combination of Evolutionary Algorithms 
and algorithms and heuristics that exploit domain knowledge. 

[00235] The approach exploits domain knowledge via (i) the geometrical nature of the 
problem to explore and partially memorize the bounds of the feasible space and (ii) the 
geometrical nature of the problem to design search operators that can efficiently explore 
the interiors of the feasible space, and (iii) employs a powerful combination of 
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Evolutionary Algorithms for identifying the Pareto frontier over multiple nonlinear and 
non-convex return and risk objectives. 

[00236] The principal advantage of this approach over existing approaches is that it 
facilitates risk management and investment decisions by the identification of an efficient 
frontier with respect to multiple measures of return and risk and the selection of 
portfolios using visualization technique. The approach does not require that these 
measures be linear, convex if nonlinear, or in analytical forms. The only requirement of 
the disclosed approach is that the search space be defined by a set of linear constraints 
that enclose a convex polytope. 

[00237] Further Aspects of Embodiments of the Invention 

[00238] As described above, a goal of portfolio optimization is maximizing return and, 
at the same time, minimizing risk. This might be characterized as a two-objective 
optimization problem. However, it is appreciated that the systems and methods of the 
invention are not limited to manipulating, e.g., minimizing, risk. That is, the systems and 
methods of the invention may be used to consider and manipulate any of a wide variety 
of objectives in connection with a portfolio optimization problem. 
[00239] Various methods in accordance with the various embodiments of the 
invention, and steps that go to make up those methods, are described above. It is 
appreciated that suitable processing components may be used to implement each and 
every step as described above. Further, a particular processing component might only 
process one method step as described above or a particular processing component might 
process a plurality of method steps, for example. Alternatively, a particular process step 
might be implemented using a plurality of processing components. The suitable 
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processing components might include code or a portion of code, for example. Further, 
the suitable processing components might include a computer system or part of a 
computer system, for example. Further aspects of implementation of the various 
embodiments of the invention are illustratively described below in further detail. 
[00240] As described above, various inventions and various embodiments are 
described, including various processing components and various processes. Hereinafter, 
general aspects relating to possible implementation of the inventions, and embodiments 
thereof, will be described. 

[00241] The various systems of the inventions or portions of the system of the 
invention may be in the form of a "processing machine," such as a general purpose 
computer, for example. As used herein, the term "processing machine" is to be 
understood to include at least one processor that uses at least one memory. The at least 
one memory stores a set of instructions. The instructions may be either permanently or 
temporarily stored in the memory or memories of the processing machine. The processor 
executes the instructions that are stored in the memory or memories in order to process 
data. The set of instructions may include various instructions that perform a particular 
task or tasks, such as those tasks described above in the flowcharts. Such a set of 
instructions for performing a particular task may be characterized as a program, software 
program, or simply software. 

[00242] As noted above, the processing machine executes the instructions that are 
stored in the memory or memories to process data. This processing of data may be in 
response to commands by a user or users of the processing machine, in response to 
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previous processing, in response to a request by another processing machine and/or any 
other input, for example. 

[00243] As noted above, the processing machine used to implement the invention may 
be a general purpose computer. However, the processing machine described above may 
also utilize any of a wide variety of other technologies including a special purpose 
computer, a computer system including a microcomputer, mini-computer or mainframe 
for example, a programmed microprocessor, a micro-controller, a peripheral integrated 
circuit element, a CSIC (Customer Specific Integrated Circuit) or ASIC (Application 
Specific Integrated Circuit) or other integrated circuit, a logic circuit, a digital signal 
processor, a programmable logic device such as a FPGA, PLD, PLA or PAL, or any other 
device or arrangement of devices that is capable of implementing the steps of the process 
of the invention. 

[00244] It is appreciated that in order to practice the method of the invention as 
described above, it is not necessary that the processors and/or the memories of the 
processing machine be physically located in the same geographical place. That is, each 
of the processors and the memories used in the invention may be located in 
geographically distinct locations and connected so as to communicate in any suitable 
manner. Additionally, it is appreciated that each of the processor and/or the memory may 
be composed of different physical pieces of equipment. Accordingly, it is not necessary 
that the processor be one single piece of equipment in one location and that the memory 
be another single piece of equipment in another location. That is, it is contemplated that 
the processor may be two pieces of equipment in two different physical locations. The 
two distinct pieces of equipment may be connected in any suitable manner. Additionally, 
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the memory may include two or more portions of memory in two or more physical 
locations. 

[00245] To explain further, processing as described above is performed by various 
components and various memories. However, it is appreciated that the processing 
performed by two distinct components as described above may, in accordance with a 
further embodiment of the invention, be performed by a single component. Further, the 
processing performed by one distinct component as described above may be performed 
by two distinct components. In a similar manner, the memory storage performed by two 
distinct memory portions as described above may, in accordance with a further 
embodiment of the invention, be performed by a single memory portion. Further, the 
memory storage performed by one distinct memory portion as described above may be 
performed by two memory portions. 

[00246] Further, various technologies may be used to provide communication between 
the various processors and/or memories, as well as to allow the processors and/or the 
memories of the invention to communicate with any other entity; i.e., so as to obtain 
further instructions or to access and use remote memory stores, for example. Such 
technologies used to provide such communication might include a network, the Internet, 
Intranet, Extranet, LAN, an Ethernet, or any client server system that provides 
communication, for example. Such communications technologies may use any suitable 
protocol such as TCP/IP, UDP, or OSI, for example. 

[00247] As described above, a set of instructions is used in the processing of the 
invention. The set of instructions may be in the form of a program or software. The 
software may be in the form of system software or application software, for example. 
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The software might also be in the form of a collection of separate programs, a program 
module within a larger program, or a portion of a program module, for example The 
software used might also include modular programming in the form of object oriented 
programming. The software tells the processing machine what to do with the data being 
processed. 

[00248] Further, it is appreciated that the instructions or set of instructions used in the 
implementation and operation of the invention may be in a suitable form such that the 
processing machine may read the instructions. For example, the instructions that form a 
program may be in the form of a suitable programming language, which is converted to 
machine language or object code to allow the processor or processors to read the 
instructions. That is, written lines of programming code or source code, in a particular 
programming language, are converted to machine language using a compiler, assembler 
or interpreter. The machine language is binary coded machine instructions that are 
specific to a particular type of processing machine, i.e., to a particular type of computer, 
for example. The computer understands the machine language. 
[00249] Any suitable programming language may be used in accordance with the 
various embodiments of the invention. Illustratively, the programming language used 
may include assembly language, Ada, APL, Basic, C, C++, COBOL, dBase, Forth, 
Fortran, Java, Modula-2, Pascal, Prolog, REXX, Visual Basic, and/or JavaScript, for 
example. Further, it is not necessary that a single type of instructions or single 
programming language be utilized in conjunction with the operation of the system and 
method of the invention. Rather, any number of different programming languages may 
be utilized as is necessary or desirable. 
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[00250] Also, the instructions and/or data used in the practice of the invention may 
utilize any connpression or encryption technique or algorithm, as may be desired. An 
encryption module might be used to encrypt data. Further, files or other data may be 
decrypted using a suitable decryption module, for example. 

[00251] As described above, the invention may illustratively be embodied in the form 
of a processing machine, including a computer or computer system, for example, that 
includes at least one memory. It is to be appreciated that the set of instructions, i.e., the 
software for example, that enables the computer operating system to perform the 
operations described above may be contained on any of a wide variety of media or 
medium, as desired. Further, the data that is processed by the set of instructions might 
also be contained on any of a wide variety of media or medium. That is, the particular 
medium, i.e., the memory in the processing machine, utilized to hold the set of 
instructions and/or the data used in the invention may take on any of a variety of physical 
forms or transmissions, for example. Illustratively, the medium may be in the form of 
paper, paper transparencies, a compact disk, a DVD, an integrated circuit, a hard disk, a 
floppy disk, an optical disk, a magnetic tape, a RAM, a ROM, a PROM, a EPROM, a 
wire, a cable, a fiber, communications channel, a satellite transmissions or other remote 
transmission, as well as any other medium or source of data that may be read by the 
processors of the invention. 

[00252] Further, the memory or memories used in the processing machine that 
implements the invention may be in any of a wide variety of forms to allow the memory 
to hold instructions, data, or other information, as is desired. Thus, the memory might be 
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in the form of a database to hold data. The database might use any desired arrangement 
of files such as a flat file arrangement or a relational database arrangement, for example. 
[00253] In the system and method of the invention, a variety of "user interfaces" may 
be utilized to allow a user to interface with the processing machine or machines that are 
used to implement the invention. As used herein, a user interface includes any hardware, 
software, or combination of hardware and software used by the processing machine that 
allows a user to interact with the processing machine. A user interface may be in the 
form of a dialogue screen for example. A user interface may also include any of a 
mouse, touch screen, keyboard, voice reader, voice recognizer, dialogue screen, menu 
box, list, checkbox, toggle switch, a pushbutton or any other device that allows a user to 
receive information regarding the operation of the processing machine as it processes a 
set of instructions and/or provide the processing machine with information. Accordingly, 
the user interface is any device that provides communication between a user and a 
processing machine. The information provided by the user to the processing machine 
through the user interface may be in the form of a command, a selection of data, or some 
other input, for example. 

[00254] As discussed above, a user interface is utilized by the processing machine 
that performs a set of instructions such that the processing machine processes data for a 
user. The user interface is typically used by the processing machine for interacting with a 
user either to convey information or receive information from the user. However, it 
should be appreciated that in accordance with some embodiments of the system and 
method of the invention, it is not necessary that a human user actually interact with a user 
interface used by the processing machine of the invention. Rather, it is contemplated that 
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the user interface of the invention might interact, i.e., convey and receive information, 
with another processing machine, rather than a human user. Accordingly, the other 
processing machine might be characterized as a user. Further, it is contemplated that a 
user interface utilized in the system and method of the invention may interact partially 
with another processing machine or processing machines, while also interacting partially 
with a human user. 

[00255] In accordance with one aspect of the inventions described above, it is 
appreciated that a variety of off-the-shelf software is described above. The features of 
the inventions may be used in conjunction with such off-the-shelf software and to 
enhance such off-the-shelf software, as described herein. However, it is noted that the 
features of the invention are not limited to implementation with any particular off-the- 
shelf software. 
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[00279] It will be readily understood by those persons skilled in the art that the present 
inventions are susceptible to broad utility and application. Many embodiments and 
adaptations of the present inventions other than those herein described, as well as many 
variations, modifications and equivalent arrangements, will be apparent fi'om or 
reasonably suggested by the present inventions and foregoing description thereof, without 
departing from the substance or scope of the invention. 

[00280] Accordingly, while the present inventions have been described here in detail 
in relation to its exemplary embodiments, it is to be understood that this disclosure is only 
illustrative and exemplary of the present inventions and is made to provide an enabling 
disclosure of the various inventions. Accordingly, the foregoing disclosure is not 
intended to be construed or to limit the present invention or otherwise to exclude any 
other such embodiments, adaptations, variations, modifications and equivalent 
arrangements. 
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